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ABSTRACT: The fusion of GNNs and SSMs is creating a new era in the realm of dynamical learning with structures.
Graph-Mamba is one of the most promising works in this fast-moving field. With its unique capability to incorporate
graph topology and selective dynamics in a stable manner, Graph-Mamba has demonstrated its ability to model intricate
relationships. However, the existing research on Graph-Mamba has not been compiled into a coherent form; the theo-
retical basis and practical implementation of the framework have not been synthesized systematically across different
domains. First, we demonstrate the theoretical connection between graph propagation and state space evolution and
articulate Graph-Mamba as a hybrid dynamical system defined through selective propagation. We further discuss
the particular developments made possible within each application area to which the model is relevant. Regardless
of whether spatio-temporal and physical systems, biomedical networks, or heterogeneous graphs are in question, we
articulate how selective propagation can be adapted to address specific structural and temporal requirements. In light of
this discussion, we formulate the overarching theoretical framework for understanding how Graph-Mamba facilitates
selective evolution of graph connectivity and state space evolution through the mediation of contextual selectivity. This
survey goes beyond summarizing empirical results and focuses on a more profound methodological change. Specifically,
we make a case for viewing Graph-Mamba as a promising paradigm that transforms graph-based learning from a
static topological approach to a controllable dynamic one. Essentially, this indicates the convergence of graph theory
and dynamical systems that will most likely inspire generalized sequence-structure architectures. Ultimately, Graph-
Mamba offers not merely a model design, but a foundational direction for understanding the interplay between selective
sequence scanning and structured relational dynamics.

KEYWORDS: Graph neural networks; state-space models; Graph-Mamba

1 Introduction

Since they natively represent the dependency relationships between objects, graphs become a basic
building block for modeling in contemporary computer science. Applications span across several different
fields that include social behavior analysis, biology, and physics, among others [I-5]. This has led to
GNNs becoming the prevailing approach for tackling structured data and achieving state-of-the-art results
on problems like node classification, link prediction, molecular property prediction, and spatiotemporal
forecasting [6-10]. However, in spite of such progress, the recursion in message passing algorithms used in
graph neural networks (GNNs) still faces restrictions from local propagation, which restricts the ability to
learn long-term dependencies and increases the probability of over-smoothing when adding depth to neural
layers [11-15]. The selective state-space approach used by Mamba has recently been applied to reduce over-
smoothing issues in graph neural networks (GNNs) [16]. New entropy-based approaches also shed light
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on this problem [17]. Systematic reviews further reveal that over-squashing is a key challenge that can be
addressed by Mamba’s model of long-term dependency [18]. Attention-based graph transformers also face
scalability limits, as quadratic complexity becomes prohibitive in massive graphs [19,20].

Meanwhile, state-space models (SSMs) are changing the landscape of sequence learning and spatial
learning [21-23]. Recent research has focused primarily on the Mamba architecture [24]. Mamba abandons
traditional attention mechanisms and instead uses input-dependent gating and selective scanning to param-
eterize continuous-time state evolution. This design uniquely achieves linear time complexity while fully
capturing global dependencies. It has been rapidly applied in multiple fields, including natural language
processing, computer vision, time series analysis, and structure learning [25-29].

Based on these advancements, recent research has begun to combine graph learning with state-space
modeling, resulting in models now known as Graph-Mamba [30,31]. This paper defines Graph-Mamba
as any learning framework that explicitly combines graph structure representations (e.g., nodes, edges,
adjacency matrices, or relational graphs) with Mamba-based state-space mechanisms (for selective or cyclic
state propagation). Essentially, Graph-Mamba unifies the topological expressiveness of graph structures
with the dynamic modeling capabilities of state-space systems. This definition distinguishes Graph-Mamba
from broader “Mamba-inspired” models that lack explicit graph representations, such as Vision Mamba or
Mamba-based image encoders [32-34].

The concept of Graph-Mamba first emerged in 2024, when early studies such as GraphMamba [31] and
STG-Mambea [34] introduced state-space scanning into graph neural networks to enhance long-range rela-
tional reasoning. These studies further demonstrated that continuous-time state dynamics have potential as
an alternative or even replacement for attentional processing in modeling graph dependencies. This Graph-
Mamba paradigm has thus quickly gained popularity in applications ranging from geometric reasoning,
connectomics, spatiotemporal forecasting, to molecular learning [35-38]. Despite its rapid development,
current studies remain at an early stage and face several important limitations. The theoretical behavior of
selective state-space propagation on irregular graph topologies is not yet completely understood, especially
under dynamic gating and non-stationary graph structures. Empirical evidence is also fragmented across
domains, as existing works use heterogeneous datasets, evaluation protocols, graph construction strategies,
and serialization mechanisms. Moreover, many Graph-Mamba models rely on domain-specific preprocess-
ing or topology-aware scanning designs, which may affect scalability, reproducibility, and generalization.
Therefore, the advantages of Graph-Mamba should be interpreted within these methodological and empirical
constraints, and this survey revisits these limitations when discussing broad claims about its theoretical and
practical potential.

Research to integrate Graph-Mamba-related papers is currently in an infant stage. To date, only one
preprint paper is available entitled, Exploring Graph Mamba: A Comprehensive Survey [39]. However, the
usefulness of this paper is limited by the fact that it has not been reviewed, and it uses more taxonomies than
theoretical integration in its analysis. Although it successfully categorizes design variations such as hybrid
attention-state network and multiresolution embedding, it overlooks the underlying theory connecting the
topology of a graph to state space evolution. Additionally, some key subdomains that have seen substantial
growth in research have been left out entirely by the preprint paper, namely those involving biomedical
graphs, heterogeneity, 3D geometric structures, and structural vision problems.

Therefore, gaps remain in the existing literature. Researchers have not yet attempted to elucidate the
relationship between selective state propagation and graph structure, and the role of dynamism in traditional
message passing has also been largely overlooked, resulting in significant ambiguity in the theoretical
transformation of graph learning techniques.
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To fill this gap, this survey employs a theory-driven approach to study Graph-Mamba and its extensions.
It outlines the conceptual boundaries and presents graph learning and state-space dynamics in a unified
manner. Furthermore, it delves into how the Mamba intelligently scans different types of graphs, such
as spatiotemporal graphs, heterogeneous graphs, molecular graphs, geometric graphs, and visual graphs.
Therefore, this paper does not rely on comparative analyses of different architectures but focuses on the
fundamental theory of graph-state relationships. As shown in the Fig. 1.
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Figure 1: Graph-Mamba models: a unified paradigm for structure and sequence learning.

Compared with existing preliminary surveys on Graph-Mamba, this review aims to provide a more
integrated and practically useful overview of the field. Rather than merely listing model variants, we
organize Graph-Mamba research from four complementary perspectives. First, we revisit the methodological
foundation of Graph-Mamba by explaining how graph message passing, state-space evolution, and Mamba-
style selective scanning can be connected within a unified propagation perspective. Second, we examine
how Graph-Mamba mechanisms are adapted to different application scenarios, including spatio-temporal
systems, biomedical and bioinformatics graphs, heterogeneous graphs, geometric structures, and visual
data. Third, we summarize the concrete datasets and empirical settings used in representative studies,
thereby helping readers identify the benchmark environments and data structures associated with each
domain. Fourth, we discuss representative algorithmic frameworks, including graph construction strategies,
serialization mechanisms, selective state propagation, and graph-sequence interaction designs. Through
this organization, the survey is intended to help readers understand not only the methodological basis of
Graph-Mamba, but also how to locate relevant application domains, datasets, and architectural choices for
future research.

This review is systematically written from theory to practice. Section 2 describes the theory behind state-
space representation and introduces the criteria used to select the research subjects for this review. Building
on this theoretical foundation, Section 3 provides a detailed overview of the classification of Graph-Mamba
architectures by explaining the transformation from traditional message passing processes to state-space
updates. Section 4 explores the integration of these models with spatiotemporal data, biomedical data,
geometric 3D data, and visual data. Finally, Section 5 discusses optimization problems. Section 6 provides a
summary and outlook.
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2 Literature Search and Screening Process
2.1 Search Strategy and Database Selection

All stages of literature retrieval and research screening strictly followed the PRISMA 2020 standard [40].
This review focuses on academic research that integrates state-space models into graph structures, and
the time span of the study is from the date the Graph-Mamba architecture was first published in 2024
to 27 October 2025. Meanwhile this survey searched the Web of Science (WoS) Core Collection, which
comprehensively covers literature in the fields of computer science and artificial intelligence, specifically
using the SCI-EXPANDED and CPCI-S indexes.

The Boolean query used in the search was: (“Graph” [All Fields]) AND (“Mamba” [All Fields]). Core
metadata were harvest-ed for all retrieved records, restricting the language strictly to English. Although
the use of the WoS Core Collection may not exhaustively retrieve all emerging studies related to Graph-
Mamba, especially because this topic is developing rapidly and some foundational or adjacent works first
appear as preprints or conference papers. However, this survey does not aim to construct an unrestricted
inventory of all Mamba-related graph studies. Instead, its main analytical structure is organized around
representative application domains, data structures, graph construction strategies, and reproducible model
set-tings. For this reason, the formal screening corpus maintains a controlled and reproducible basis for dis-
cussing methods, datasets, and empirical settings. Influential preprints or conference papers are cited where
necessary for back-ground, conceptual framing, or comparison, but the domain-level qualitative synthesis
and representative model discussion are based on the screened corpus that satisfies the inclusion criteria.

2.2 Screening and Selection Process

The selection process was conducted based on the PRISMA protocol for systematic reviews [41],
following several steps. After conducting the first search, two reviewers independently reviewed the titles
and abstracts of all citations to filter out those articles that had no relevance to the Graph-Mamba system. At
this step, those publications that used the term “Mamba” in a non-specialized manner or which addressed
topics other than graph-based data were filtered out.

Full-text screening was then carried out on the remaining articles by two independent reviewers. The
inclusion criteria required that the articles use graph structural representation as well as Mamba or state
space modeling approaches. Any disagreement between the two reviewers during this process was sorted
out through consultation to reach a consensus.

Fig. 2 provides a detailed breakdown of the steps followed during the screening process. The process
began with the collection of 117 documents from the Web of Science Core Collection. After removing the
duplicates, the remaining articles were scrutinized based on the above-mentioned criteria, resulting in a final
total of 81 papers.

2.3 Inclusion and Exclusion Criteria

The inclusion and exclusion criteria were based on the methodological and theoretical relevance. Only
articles that dealt with the connection between graph topologies and Mamba architectures, which are the
two basic concepts in the Graph-Mamba theory, were selected.

Inclusion Criteria:
The final corpus was generated under extremely restrictive inclusion criteria. From a methodological
point of view, papers had to make a fundamental use of graph structures, such as relational graphs or

adjacency matrices, while using the state-space approach of Mamba. In terms of meta-data, only English-
language papers published in SCI-EXPANDED and/or CPCI-S journals within the period of January
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2024-October 2025 have been considered. As new architectures for the graph representation of information
are developed rapidly nowadays, conference papers with rigorous approaches have been included.

Identification

Records identified through WOS Core Collection : 117

Duplicates removed manually: 0
(verified manually through title/DOI matching)

Screening

Records screened by title and abstract: 117

Records excluded (irrelevant or lacking graph/SSM content): 25

Eligibility

Full-text articles assessed for eligibility: 92

Full-text articles excluded (non-graph, no SSM mechanism): 11

Included

Studies included in qualitative synthesis
(final review corpus): 81

Figure 2: Literature screening process based on PRISMA.

Exclusion criteria:

We also had some exclusion criteria in order not to be misled into including false positive papers. Papers
that refer to Mamba without having a state space implementation mechanism were discarded. The same
criterion applies to papers that did not use any graph topology or adjacency calculation, regardless of any
architectural connections with Mamba. Last, but not least, all the non-empirical works, like editorials or
workshop abstracts, as well as articles whose full text was unavailable or had inconsistent metadata have been
excluded from the analysis.

To make the inclusion boundary more explicit, we further define what does and does not count
as Graph-Mamba in this survey. A model was included only if it simultaneously used an explicit graph
representation and a Mamba-style selective state-space mechanism. The graph representation could appear
as an adjacency matrix, graph Laplacian, molecular graph, skeleton graph, traffic sensor graph, patch graph,
or other relational topology. The Mamba component had to play an active role in propagation, scanning,
temporal modeling, or graph-sequence interaction.

Models were excluded when either of these two components was absent. For example, pure Mamba-
based language, vision, or time-series models without explicit graph topology were not counted as
Graph-Mambea. Similarly, conventional GNNS, graph transformers, or graph convolutional models without
Mamba or selective state-space modules were excluded. Borderline cases were judged by whether graph
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structure had a computational role in the architecture. If graph information was used only for preprocessing,
visualization, or descriptive analysis, the model was excluded. If graph connectivity guided node serial-
ization, topology-aware scanning, adjacency-based propagation, or graph-level feature interaction within a
Mamba-based module, the model was included.

Finally, a total of 81 relevant papers have made it through the filtering process and became our source
data for the review. These papers will be studied further on depending on their application and architecture
types. According to PRISMA protocol, the final corpus is fully replicable for future researches.

3 Theoretical Foundations of Graph-Mamba
3.1 Overview of State-Space Models and the Mamba Mechanism

In fact, the use of state-space models (SSMs), originally introduced into control theory and signal
processing before their usage in the realm of deep learning, is much more profound than that. The standard
representation of the model implies the following Eq. (1):

ht = Aht_l + th, Ve = Cht (1)

where the state vector at time step ¢ is denoted as h, € R?, x, represents the input vector, y; the output of
interest, and A, B, and C are the learnable transition matrix, input matrix, and output matrix, respectively.

As can be seen from the above formula, this is actually a Markov process, where there is only a linear
dependency between elements, and each state depends only on the previous state and its corresponding
input. The key characteristic of the state-space model is that its evolution is achieved through recursive
linear transformations of variables, thus conforming to the behavior of cyclic states [42,43]. Fig. 3 shows the
architecture of the SSM, with its components marked by dashed lines.
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Figure 3: Graphical representation of state-space models.

In continuous-time form, the dynamics of an SSM are often represented by the differential equation
given in Eq. (2):

dt

T A0+ Bx () @)
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where A governs the temporal evolution of the hidden state. The solution to this differential equation involves
matrix exponentials and convolutional integration over input signals, yielding Eq. (3):

B (L) = e (0) + [Ot AD By (7) dr 3)

which reflects how the input sequence drives state transitions in continuous time.

Modern developments in deep learning have led to the reformulation of the traditional approach based
on system theory as the state space layer using neural networks. In this case, the matrices A, B, and C
are obtained using data as opposed to being pre-specified. It is possible to model long-range dependencies
in sequences using a neural state-space layer in a more efficient way than attention mechanisms. In
particular, the Structured State-Space Model (S4) [44] introduces a transformation of matrix A to its diagonal
representation allowing for an efficient computation in parallel using frequency domain convolutions. This
enables large-scale deployment of state-space layers in deep learning. The structure of S4 is shown in Fig. 4.

Continuous State Space Long-Range Dependency Discrete Representation
Jil i HiPPO
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Figure 4: The structure of structured state-space model.

Following up on S4, Mamba [24] proposes a selective, input-conditioned variant of state-space models.
In particular, Mamba employs a gating scheme that controls how much new input contributes to the updating
of the hidden state at every time step. The formulation for selective-scan is defined as follows Eq. (4):

hi=(1-g)@hi1+ g0 f(x, 1) (4)

In the above formula, the gate g = 0 (ngt), which defines the update rate, is learned, where f (-) isa
learned state-update function that is typically linear or low-rank, and ® represents the Hadamard product
(element-wise multiplication).

Through input-conditioned gating, the network filters relevant information by retaining relevant
memory and adapting to newly acquired information. Since these conditioning operations occur via contin-
uous state-space dynamics instead of token-to-token relations, Mamba processes input linearly, effectively
avoiding the quadratic computational complexity of typical self-attention mechanisms.

An interesting characteristic of Mamba’s design is that it allows selective scans to mimic the context
modeling done by self-attention at an extremely reduced cost, as the explicit pairing of the attention score
matrix is avoided through the transformation of state-space dynamics into a convolutional kernel, as shown
in Eq. (5):

t
Ve = Z Ky gx
k=0

K,_x = Ce*("0p (5)
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In the selective scan approach, attention-based expressiveness is achieved at lower costs using input-
based kernel parameterization. Such a structure can easily keep signal flow over trajectories having several
thousand steps, thus overcoming the difficulties associated with vanishing gradients in classical recurrent
neural networks. To apply sequential processing techniques on non-Euclidean structures, Graph-Mamba
approaches use dedicated traversal approaches. In fact, techniques like permutation scanning [45] and order-
based methods [46] make the model pay attention to the complex graph connectivity structure. Coupling
these methods with graph differential equations [47] yields a powerful continuous dynamical perspective,
definitively resolving the tension between discrete node updates and continuous selective flows. Fig. 5
visualizes the core architecture driving these operations.

SiLu

Linear Selective SSM —@— Conv. ™ Linear —T——
@ Linear T
SiLu

Figure 5: Architecture of the Mamba block.

Mamba, with its low computational overhead from Transformers [48,49], demonstrates superior
modeling capabilities and is rapidly being applied to non-sequence domains such as geometric graphs and
relational graphs. Its core Selective State-Space (SSM) mechanism reconstructs long sequence modeling
through physically inspired mathematical methods. Based on this, the Graph-Mamba framework was
developed: it selectively introduces input-awareness into complex topologies, achieving a deep fusion of
graph network structure awareness and Mamba’s linear-time propagation.

3.2 Graph Representation and Message Propagation

Graph-structured data offers a powerful and flexible framework for modeling entities and their pairwise
or higher-order relations [50]. Formally, a graph is defined in Eq. (6):

G=MW,&X) (6)

where V = {v},v,, ..., vy} denotes the set of N nodes, £ €V x V the set of edges, and X ¢ RN*4 the feature
matrix containing d-dimensional attributes for each node. The topology of G is typically represented by an
adjacency matrix A € RN*N where Aj=1, if (v,», vj) €&, and Aij=0 otherwise.

Within the scope of weighted or directed graphs, the matrix entries naturally go beyond simple binary
labels and take on continuous or asymmetric forms that properly reflect the weight and direction of
each edge.

The central problem of graph learning lies in the mapping of topological components, from nodes to
full structures, into continuous latent spaces in a way that retains their connectivity. GNNs made progress
on this front through the concept of spatial message passing, which allows for the processing of data in its
native topological form [51].

The node-level evolution process of the standard graph neural network architecture is formally
described in Formula (7):

g+ - O'(AH(Z)W(I)) (7)
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where H(Y) € RN*4 represents the embeddings of nodes at the I-th layer, W (") stands for the weight matrix,
A=D"2(A+1I)D 1 is the adjacency matrix, and o (-) denotes the nonlinearity function.

This equation essentially captures the graph convolution operation itself, whereby each node fuses
information from its local neighbors weighted by the network’s connectivity before passing it to the next
layer using a learnable weight matrix.

More generally, the message-passing process in a GNN can be expressed as Eq. (8) [52]:
hglﬂ) = (/)(hgl)’EBjEN(i)V’(hgl)ahy);eij)) (8)

where hgl) is the hidden representation of node v; at layer [, e;; denotes the edge features between nodes
i and j, ¥ is a message function, @ is a permutation-invariant aggregation operator, and ¢ is the node
update function.

This theoretical umbrella covers several foundational models, including the Graph Convolutional
Network (GCN), GraphSAGE, and Graph Attention Network (GAT) [53-55]. Mechanically, this setup drives
information diffusion across local neighborhoods. As we stack deeper layers, the receptive field for any given
node naturally pushes outward.

However, conventional GNNs remain heavily constrained by two inherent flaws. The first is the
well-documented over-smoothing phenomenon, where endless aggregation dilutes node representations
into identical vectors, neutralizing the benefits of deeper networks [56]. The second flaw stems from
strict operational locality. Because a single layer only pulls data from one-hop neighbors, modeling long-
range dependencies demands deep layer stacking or patchwork solutions like hierarchical pooling and
skip connections. Together, these constraints create a relentless tension between capturing complex global
structures and maintaining computational viability in graph learning.

Formula (9) formalizes this layer-by-layer propagation as a discrete-time linear system controlled by
the topology of the underlying graph.

H) = agOw® 9)
where A represents the normalized adjacency operator.

ht = Aht—l + th (10)

From a mathematical perspective, the message passing in GNNs and the discrete state update formula
of SSMss (such as Eq. (10)) share a high degree of structural similarity: both generate new states by linearly
combining previous states through propagation operators [57]. This structural analogy reveals that the two
paradigms differ only in dimension—SSM propagates signals along the time axis, while GNNs disperse
signals along the topological structure. From this perspective, we can view graph message passing as a kind
of “structured” state transition. This paradigm fusion not only demonstrates the rationale for applying state-
space dynamics in graph environments but also provides theoretical support for novel architectures such as
Graph-Mamba.

HY = yauTHO WO (11)

where U and A be eigenvectors and eigenvalues, respectively, of the graph Laplacian. Eq. (11) shows that
transformation follows structurally identical principles as those behind the Fourier transform used in state
space models (SSM). The latter uses kernels based on eigenmodes of the transition matrix A. In the end, the
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two approaches use linear operators to filter the signals through their own domains—in time in SSMs and
in the topological domain in graph approaches.

Graph-Mamba implements precisely such analogy in its structure and, thus, marries the fluid transition
state concept inherent to state space models with the inductive bias of graph models. Mechanism of such
a marriage is rather straightforward and effective—the standard temporal transition matrix A becomes
graph-based operator A. In conjunction with Mamba gating principles, it generalizes the ideas from one-
dimensional sequences typical of state space models into relation-aware data processing. Following the idea
of such a transformation, in the next section we consider mathematics behind Graph-Mamba, treating the
model purely as a continuous dynamic system operating on graph topology, not on time.

3.3 Unifying Graph Propagation and State-Space Dynamics

The theoretical link between graph message passing and state-space modeling is that they both describe
processes wherein information is passed iteratively across some kind of structure. State-space models involve
iterative information passing through time while graph neural networks involve iterative information passing
through nodes on a graph. The Graph-Mamba paradigm integrates these two propagation dimensions-
temporal and topological-within a single dynamic formulation in which hidden states evolve not only
based on previous states and new inputs, but also in accordance with the structural constraints of the

graph topology.

3.3.1 Extending State-Space Models to Graph Domains

To generalize the discrete-time state-space formulation to graph-structured data, we begin with the
standard SSM recurrence relation, given in Eq. (12).

ht = Ah[_l + th (12)

where A captures the internal transition dynamics and B encodes the influence of the input signal. For graph
data, the latent representation at time ¢ is replaced by a matrix of node-level hidden states, H; € R¥*?, where
each row corresponds to the hidden representation of a node.

The internal transition matrix A was then generalized to the graph-induced propagation operator A,
which controls how the state spreads within the graph’s topology. Analogous to the normalized adjacency
matrix in GNN, A can be defined as Eq. (13):

A=aA+(1-a)l 13)
where A is the symmetrically normalized adjacency matrix and « € [0, 1] balances neighbor aggregation with

self-retention.

The resulting graph state-space system is given by Eq. (14):
Ht :cAHt_l +BX¢, (14)
where B maps the node input features X, into the hidden space. This formulation explicitly couples temporal
dynamics (through the recurrence across t) with structural propagation (through A).

The continuous-time variant of this equation, which takes the form of a dynamical system on a graph,
is given by Eq. (15):

dt
dH (t)

= AH(t) +BX (t) (15)
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where Matrix A, as a diffusion operator based on the Laplacian operator, describes the geometric structure
of the underlying data manifold, while the exponential term e’ controls the information flow, making it
related to graph topological dynamics. Thus, we can clearly see the connection between the graph theory
behind GNNs and the continuous-time perspective of SSMs.

3.3.2 Selective State Update on Graphs

While the linear state-space equation provides a general model for structured propagation, it is poorly
suited to heterogeneous or dynamic graph settings. The Mamba mechanism addresses this limitation by
introducing selective gating, which allows each node to control the extent to which its hidden state is updated
based on current inputs and neighborhood context.

In graph settings, this yields the Graph-Mamba update rule shown in Eq. (16):
Hi = (1-G:) © Hiy + Gi © forapn (Xo, Hi) (16)

Gi=o0 ( WX t) is a node-wise gating matrix, ® denotes the Hadamard product, and f,q,5 (-) is a graph-
aware transformation function. This function can be instantiated as Eq. (17):

fgmph (Xt)Ht—l) = ¢ (UQHt—l + BXt) (17)

where ¢ () is a non-linear function. The gating factor G, controls the rate at which each node moves into its
next state, thereby helping the network maintain a tradeoff between storing information from the past and
acquiring information from the present neighborhoods.

In other words, through this gatekeeping approach, Graph Mamba can act as a context-dependent
information diffuser, where those nodes carrying redundant information keep their old state and others
receiving new information get updated. This gating mechanism replaces the uniform time step in standard
SSMs with node-adaptive dynamics, allowing Graph-Mamba to model non-stationary or spatially varying
behavior on graphs.

3.3.3 Unified Graph-Mamba Formulation

Combining the structural diffusion operator and the selective update rule results in the unified Graph-
Mamba formulation given in Eq. (18):

Ht:(1—Gt)QH[_l-FGt@(/)(cJQHt_I'FBXt) (18)

where both A and G; can be either learnable or data-dependent. This equation represents a hybrid
propagation mechanism combining the global dynamical modeling of Mamba with the local topological
constraints of graphs.

To illustrate how historical states and distant neighbors are aggregated, we can unroll the recursive
process. However, due to the input-dependent dynamic gating and the nested non-linear activation ¢, a
strict algebraic parallelization is highly complex. If we assume a first-order linearized approximation for
the activation pathway (to conceptually demonstrate the multi-hop receptive field), the expanded dynamic
process can be approximated as in Eq. (19):

H;~ zt: (ﬁ(l—Gt—iH))®Gt—k®¢(quxt—k) (19)

k=0 \i=1
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the product term []*, (1- G;_;,1) demonstrates Mamba’s input-dependent, time-varying selective scan-
ning, where the decay rate dynamically adapts at each historical step rather than remaining a static constant.
It should be explicitly noted that “flattening” the highly nested non-linear operations ¢ into this summation
is a conceptual approximation. In real deployments, the recurrent nested non-linearities are preserved to
maintain the model’s expressivity.

From an operator-theoretic perspective, Graph-Mamba defines a non-stationary graph filter whose
kernel dynamically evolves in response to node-dependent gating. The spectral response of such a filter is
given by Eq. (20):

H (A t) = i Gxe* (20)

k=0

where A denotes the eigenvalues of A. This suggests that the gating mechanism dynamically reshapes the
model’s spectral filtering behavior, enabling selective emphasis or suppression of frequency components
across nodes and over time-a capability absent in traditional graph convolutions. Fig. 6 illustrates the
core processing flow of the Graph-Mamba Block (GMB) from [30]; further details are provided in the
original paper.
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Figure 6: Core processing flow of Graph-Mamba Block (GMB).

Fig. 6 illustrates the core processing flow of the Graph-Mamba Block (GMB). In general, the block
contains three major stages. First, graph-structured data are transformed into an ordered one-dimensional
sequence through node prioritization or topology-aware serialization. Second, a Mamba-based state-space
module performs selective scanning over the serialized sequence to capture both short-range and long-range
dependencies. Third, the resulting representations are reweighted, aggregated, or projected back to the graph
domain to produce updated node, patch, region, or graph-level embeddings.

Among these stages, node serialization is particularly important because Mamba was originally
designed for one-dimensional sequences, whereas graph data are unordered and non-Euclidean. Therefore,
before Mamba can be applied to a graph, the graph must be converted into an ordered sequence of nodes,
joints, atoms, patches, superpixels, or other graph entities. This step is not merely a formatting operation. It
directly affects the effective receptive field, the causal direction of information flow, and the way in which
graph locality is exposed to the selective state-space mechanism.

Formally, let 7: V — {1,2,..., N} denote a permutation function that maps the node set V of graph G
into a one-dimensional scan order. After serialization, the graph feature matrix X is converted into an ordered
sequence X, = [x,(1),x,(2),...,x;(N)]. Under causal selective scanning, the hidden state at position
k is mainly conditioned on previously scanned entities {7(1), 7(2),...,7(k —1)}. As a result, different



Comput Model Eng Sci. 2026;148(2):6 13

permutations may induce different computational neighborhoods even when they are applied to the same
graph. Nodes that are adjacent in the original topology may become distant in the scan sequence, while
weakly related nodes may become adjacent after ordering. Thus, serialization acts as an implicit structural
prior that determines which graph relations are treated as local and which relations must be maintained
through long-range recurrent memory.

Different serialization strategies impose different inductive biases. Traversal-based ordering follows
graph connectivity and tends to preserve local topological continuity. Breadth-oriented traversal emphasizes
hop-wise neighborhood expansion and is close to diffusion-like message passing, whereas depth-oriented
traversal emphasizes path continuity and long-chain dependencies. Centrality-based ordering prioritizes
structurally important nodes, allowing hubs or influential entities to enter the state memory earlier, but it
may distort local neighborhoods. Spectral ordering constructs a scan path from the eigenstructure of graph
operators and can preserve smooth global organization, although it is more sensitive to graph perturbations
and computational cost. Geometry-aware ordering is useful for spatial graphs, visual patches, point clouds,
or medical regions, because it attempts to preserve physical proximity when mapping two- or three-
dimensional structures into a one-dimensional sequence. Adaptive or learned ordering further treats the
scan path as data-dependent, potentially improving flexibility but increasing optimization complexity and
reducing transparency.

This perspective highlights an important distinction between Graph-Mamba and conventional GNNG.
In standard message-passing GNNs, the receptive field is mainly determined by the adjacency matrix and
the number of layers. In Graph-Mamba, the effective receptive field is jointly determined by the graph
operator Ag, the serialization function 7, and the selective gate G,. The graph operator defines which
topological relations are available, the serialization function determines how these relations are exposed
to the one-dimensional scan, and the gate controls how much information is retained or updated during
recurrent propagation.

Therefore, node serialization in Graph-Mamba plays a role comparable to adjacency construction
in GNNs or positional encoding in Transformers. A poorly aligned ordering may introduce artificial
causal dependencies or weaken graph locality, whereas an appropriate ordering can align the Mamba scan
with meaningful graph neighborhoods. Since different application domains impose different structural
constraints, no universally optimal serialization strategy exists. Traffic networks, skeleton graphs, molecular
graphs, medical images, visual patch graphs, and heterogeneous relational graphs may each require different
forms of topology-aware ordering. For this reason, this section focuses on the theoretical role of serialization,
while concrete mechanisms and model-specific implementations are discussed later in the corresponding
application sections.

3.3.4 Interpretation and Theoretical Implications

The unified formulation of Graph-Mamba provides numerous theoretical insights. First, it proposes that
Mamba’s selective scanning may be viewed as a generalised graph diffusion process, wherein gating induces
node-specific temporal heterogeneity. Second, the model gives a low-rank approximation of multi-hop
propagation without saying so directly, since each step combines linear diffusion with selective updates. This
makes it possible to model long-range dependencies well without having to calculate high-order adjacency
directly. Finally, the fact that the state updates happen over and over again gives the model implicit memory,
which lets it remember topological information from the past, which feed-forward GNNs can’t do.

From a dynamical-systems perspective, the stability of Graph-Mamba can be understood by examining
whether repeated state propagation remains bounded and gradually approaches a steady representation.
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Under simplified settings with fixed propagation parameters, classical stability analysis suggests that such
convergence may occur when the state-transition process is sufficiently contractive. This provides useful
intuition for interpreting how selective diffusion can avoid unbounded accumulation over long propagation
ranges. However, practical Graph-Mamba models typically involve input-dependent, time-varying, and
dynamically gated transitions. Therefore, this interpretation should not be regarded as a rigorous conver-
gence guarantee for the full model. Establishing formal stability under dynamic gating and arbitrary graph
structures remains an open theoretical challenge.

3.4 Theoretical Implications and Model Interpretability

The unified theory presented in the above section provides a useful perspective for connecting graph
propagation with state-space dynamics and for understanding how Graph-Mamba captures dependencies,
stability, and structure-driven reasoning. Under simplified linear or locally stable conditions, this perspective
allows us to analyze expressiveness, convergence behavior, and information flow by relating selective state
updates to dynamic diffusion on graphs. At the same time, some interpretations in the following discussion
should be understood as conceptual or operator-theoretic explanations rather than fully established general
theorems. In particular, when nonlinear transformations, arbitrary graph topologies, and input-dependent
dynamic gates are considered together, rigorous theoretical guarantees remain an open problem. Therefore,
this section aims to clarify the analytical intuition behind Graph-Mamba while avoiding the assumption that
all observed behaviors have already been formally proven.

3.4.1 Stability and Convergence Analysis

One of the essential characteristics of a dynamical system is stability, which relates to whether the hidden
state converges or diverges. As described by Eq. (16), Graph-Mamba uses a selection-based, topology-specific
recurrence for evolving the representations of nodes.

In order to analyze stability, we can linearize the system at some equilibrium point H* such that
H; ~ H,_,. Linearizing the function ¢ (-) through the Jacobian J4 and assuming G, to be constant around
the equilibrium point, we obtain the linear dynamics of the system defined by Eq. (21).

AH, ~[(1- G;) I+ GuAJy| AH,- (21)

The eigenvalues of the linearized transition operator provide a local stability criterion; under this
simplified setting, the system is locally stable when the spectral radius p ((1 -G)I+GA ]¢) < 1. Since
A is derived from the normalized adjacency matrix, its eigenvalues are typically located in the inter-
val [-1, 1]. Therefore, if the effects of gating and nonlinear transformations remain contractive around
the equilibrium point, Graph-Mamba may support bounded or locally stable state evolution under the
linearized approximation.

This stability condition is analogous to that of continuous-time dynamical systems, where the Lyapunov
function V (H) =|| H - H* ||? satisfies Eq. (22):
av
—— < Apin (I-A) || H-H" |? (22)
dt
In this case, exponential convergence to equilibrium can be expected only under contractive conditions,
for example when <A is contractive. The function G, acts as a gate that modulates the update magnitude of
each node. In this sense, Graph-Mamba can inherit useful stability intuitions from SSMs while improving
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robustness in some complex graph settings, although such behavior depends on the specific gating dynamics
and graph topology.

It is crucial to acknowledge that the aforementioned local stability analysis relies on linearizing the
system around an equilibrium point and assuming a quasi-static gating matrix (G; » G*). While this
Linear Time-Invariant (LTI) simplification provides an intuitive baseline for understanding the bounds
of Graph-Mambea, it inherently bypasses the core defining characteristic of Mamba: its highly dynamic,
input-conditioned selectivity (Gt =0 (WgXt)). Providing a rigorous Lyapunov stability proof for such
a non-autonomous, data-dependent dynamical system on arbitrary graph topologies remains an open
challenge in the field. Thus, although existing empirical results indicate stable behavior of Graph-Mamba in
several domains, strict theoretical guarantees under fully dynamic gating represent a critical direction for
future theoretical research.

3.4.2 Expressiveness and Spectral Characteristics

In spectral terms, Graph-Mamba can be considered a temporal-topological graph filter. In GNNS,
propagation may be seen as filtering of the node signals using a polynomial defined by the graph Laplacian
L =D - A, Eq. (23) represents its modeling process:

K
H=Y 0,A"Xx (23)
k=0

where A represents the normalized adjacency matrix, and 6 are the learnable coefficients. However, this
static filtering mechanism limits the receptive field to within K hops, restricting its adaptability to different
graph frequencies.

In contrast, the Graph-Mamba kernel evolves dynamically as a function of both time and the gating
variable, as described in Eq. (24):

K (A) = zt: gire (24)

k=0

here, A strictly represents the eigenvalues derived from the spatial normalized graph Laplacian matrix,
rather than the temporal transition eigenvalues found in standard 1D continuous SSMs. To avoid any
conceptual conflation between temporal scaling and spatial topology, we clarify that e~** functions as a
spatial spectral filter scaled across a k-hop neighborhood. This spatial propagation is then dynamically
modulated and weighted by the time-varying temporal gain g;_, generated by Mamba’s selective mechanism.
This formulation provides a useful theoretical mapping for interpreting how state-space mechanisms may
perform input-dependent spectral filtering on non-Euclidean structures.

3.4.3 Information Flow and Interpretability

One useful way to interpret Graph-Mamba is as a structured information flow system. Many traditional
message-passing GNNs aggregate information from neighboring nodes using layer-wise spatial aggregation,
often without an explicit recurrent memory mechanism for controlling temporal retention. Contrast, the
selective gating mechanism in Graph-Mamba enables each node to modulate its information intake rate,
thereby establishing an implicit temporal hierarchy of influence among nodes, as reflected in Eq. (25):

AthGtQ((/) (cﬂHt_l-i-BXt)—Ht_l) (25)
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The value of G, can be interpreted as an indicator of update intensity or information retention at time ¢
for the corresponding node. The nodes with large values of gates have undergone many state changes, which
means that they are responding to the messages that they have received. Conversely, nodes with small gate
values act as a storage device, ensuring that they hold on to old knowledge within the network structure.
Therefore, visualizing gate activations may provide a diagnostic view of information diffusion and update
patterns, loosely analogous to attention visualization in Transformer models, but not equivalent to a causal
explanation of influence.

Also, due to the structural nature of the propagation operator A used in Graph-Mamba’s learning algo-
rithm, the learned dynamics always have roots within the topology of the network structure. Furthermore,
in the spectral domain of this network, the eigenvalues represent stable diffusion patterns on the graph.
Consequently, nodes associated with similar spectral components may exhibit related dynamic patterns,
which can support spectral or structural analysis of graph substructures.

3.4.4 Theoretical Bridge to Existing Paradigms

The Graph-Mamba framework can also be viewed as a bridge among several existing paradigms in
machine learning. Within the framework of differential equations, Graph-Mamba can be interpreted, under
suitable assumptions, as a discretized neural differential equation on graphs, where the hidden state trajectory
evolves under a topology-aware vector field, as shown in Eq. (26):

dH (t)

5 = F(H(),X(1),A) (26)

Define F as the selective dynamic function using Mamba gates, which explicitly ties the model with
Neural ODEs [58] and graph differential equations [59], while maintaining the efficiency of discrete recur-
rence.

From the point of view of signal processing, Graph-Mamba is the development of graph convolution
filtering into a causal process. Compared with ordinary graph convolutions, Graph-Mamba can be inter-
preted as forming an autoregressive graph filter through successive state propagations. Such an interpretation
suggests a way to incorporate sequential dependency or temporal ordering into relational data analysis,
separating it from spatial GNN approaches and static state space models.

Graph-Mamba occupies an intermediate position between attention-based architectures and recurrent
state-space models. In addition to the ability to focus on certain elements of the graph provided by selective
scanning, it may capture long-range nonlinear dependencies in a manner partly analogous to attention,
while retaining the linear-time recurrence of state-space models. Moreover, its gating unit can be understood
as a learnable time-topology modulation mechanism that links attention-like selectivity with recurrent
state transitions.

4 Graph-Mamba across Domains: Data Structures, Graph Constructions, and Model Interactions

The theory behind Graph-Mamba presented above shows that Graph-Mamba is a holistic model
framework that combines time-state dynamics with the dynamics of graph structures. The main advantage
of this model framework consists of its versatility regarding a wide range of domains and types of data
structures. Real-life graphs are not only purely mathematical constructs but represent real-world entities
and geometries in particular problem domains. Therefore, the use of Graph-Mamba in a given application
domain depends on the peculiarities of data representation and relations between entities.
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The graphs that can be found in science and engineering may vary significantly from one another.
Molecular science deals with atomic nodes and chemical bonds represented as edges. In social networks,
agents are nodes whereas edges stand for connections between these agents. Physics and biology may involve
spatial or functional relations among the studied entities. This is where Mamba comes in handy because the
presented framework offers a way to represent dynamics in time, interdependence, or long-range relations
in the described frameworks. Together, the two form an extensive model class.

This chapter is dedicated to exploring Graph-Mamba models from a multidisciplinary perspective,
focusing particularly on how the data representation affects the formulation and performance of the
proposed model type. Each section of the chapter will cover one application domain and discuss the following
subjects:

1. Graph Construction and Representation: how data entities are mapped to nodes, edges, and features,
including strategies for adjacency generation and topology encoding.

2. Model-Data Interaction: how Mamba’s selective state propagation interacts with structural or temporal
dependencies in the graph, and what modeling behaviors emerge from this interaction.

3. Comparative Insights: how Graph-Mamba differs from conventional GNNs or Mamba-based models
in the same domain, and what its advantages and limitations are.

The theoretical model of Graph-Mamba is based on the unified propagation Eq. (18), whereas its
practical implementation is strongly domain-specific. In biological data, the graph operator A may represent
protein—protein, molecular, or biochemical interactions, while the selective state G, reflects context-
dependent biological transitions. In spatio-temporal systems, A usually encodes geographic, physical, or
functional connectivity, and the gating mechanism captures dynamic dependencies such as traffic flow,
sensor variation, or environmental change. In geometric graphs and 3D point clouds, A is often constructed
from spatial neighborhoods or mesh connectivity, while the state dynamics describe structural deformation
or shape evolution. These examples show that Graph-Mamba provides a general propagation framework, but
its actual design depends on domain-specific graph semantics and data structures.

Accordingly, this section organizes Graph-Mamba studies primarily by representative application
domains, because the field is still emerging and current model development is largely driven by practical
scenarios rather than by a fully stabilized architectural taxonomy. Section 4.1 discusses spatio-temporal and
physical systems, including traffic, sensor, communication, and motion graphs, where selective propaga-
tion supports long-range and stable forecasting. Section 4.2 reviews biomedical and medical applications,
including molecular interaction graphs, brain networks, and graph-driven medical image analysis, where
Graph-Mamba combines biological topology with selective state modeling and interpretability. Section 4.3
focuses on heterogeneous and multi-relational graphs, such as social, knowledge, and citation networks.

Although the main organization follows application domains, methodological dimensions such as
graph type, serialization or scanning strategy, Mamba integration point, gating mechanism, task setting, and
evaluation condition are also considered throughout the discussion. The main tables summarize domain-
specific data structures and tasks. Access links for the datasets discussed throughout this section are
provided in Appendix Table Al, whereas Appendix Table A2 presents a cross-model comparison of Mamba-
specific architectural characteristics. In this sense, the survey adopts an application-oriented taxonomy
complemented by method-level comparison, showing how Graph-Mamba bridges graph learning and
selective state-space modeling across diverse domains.

4.1 Spatio-Temporal and Physical Graphs

Graph-Mamba models are widely applicable in a range of fields, with spatio-temporal graph systems
proving increasingly popular. Such systems seek to discover state dependencies evolving with time and space,
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making it possible to apply Mamba’s selective state-space propagation to the realm of graph-based relational
learning. In dynamic contexts, Graph-Mamba demonstrates exceptional efficacy in forecasting multivariate
time series [45] and refining pose sequences [60]. Furthermore, extensions such as SourceDetMamba [61]
for sequential hypergraphs and evolutionary methods for predicting remaining useful life [62] underscore
the architectural flexibility of Mamba in capturing high-order temporal dependencies.

Recent literature has explicitly applied this paradigm to fields such as traffic prediction, motion
recognition, and dynamic physical systems. Table | briefly summarizes the six studies discussed in this
section. Currently, almost all of these studies use the Mamba library within the spatiotemporal graph
learning framework.

Table 1: Representative Graph-Mamba studies in spatio-temporal and physical systems.

Model Primary Task Key Mechanism Core Contribution

Generates dynamic graph
embeddings from node-specific
traffic patterns and improves traffic
prediction efficiency and accuracy

Mamba encoder + spatio-temporal
STMAGRN [63] Traffic prediction ~memory module + dynamic graph
convolutional recurrent decoder

Cellular traffic Integrates selective state-space

STGNN-M [64] prediction GNN + Mamba hybrid encoder modeling into ST-GNN

MGCN [65] Long-term traffic ~ Chebyshev GCN + Bidirectional Enhances stability and horizon

forecasting Mamba length in forecasting
Cross-city few-shot ~ Knowledge transfer + Mamba Learns transferable Mamba priors
Transfer-Mamba [66] Y . & . . P
prediction recurrence across spatial domains

Skeleton-based Dual-path (spatial & temporal) Models parallel state updates for

SkeMamba [67] action recognition Mamba body-joint graphs

Skeleton-based Hierarchical graph-sequence

ActionMamba [68] . . GCN + Mamba aggregation . . ;
action recognition interaction mechanism

4.1.1 Data Structures and Graph Construction

This review identifies three main types of data in six representative studies namely, traffic and mobility
systems, telecommunications networks, and skeletal-based human motion datasets. These domains differ in
graph structure, node semantics, and temporal sampling characteristics.

(1) Traffic and Mobility Datasets

Traffic prediction constitutes another area in which Graph-Mamba networks with spatiotemporal
components have been widely used. In this case, the nodes refer to static sensors or road sections, while
the edges indicate proximity or similarity; the temporal component accounts for changes in traffic patterns.
STMAGRN is evaluated on six public traffic prediction datasets, including two traffic speed datasets, METR-
LA and PEMS-BAY, and four traffic flow datasets, PEMS03, PEMS04, PEMS07, and PEMS08. In these
datasets, traffic networks are represented as sensor graphs, where nodes correspond to traffic sensors and
edges encode dynamically generated traffic dependencies. The model uses the past one hour of observations
to predict traffic conditions in the next hour. Table 2 summarizes the key statistics of these datasets.

In these datasets, the graph construction process differs from earlier static traffic graph models.
Traditional traffic GNN often rely on predefined adjacency matrices derived from road distance or connec-
tivity. Some later models use adaptive matrices to learn hidden dependencies, but these learned adjacency
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structures are usually static after training. STMAGRN addresses this limitation by generating dynamic graph
embeddings through the spatio-temporal memory module. Specifically, the model uses a memory bank to
store representative node-level traffic patterns and retrieves the patterns most relevant to the current input.
These retrieved patterns are then used to dynamically construct graph embeddings, allowing the model to
better reflect time-varying traffic dependencies.

Table 2: Common traffic and mobility datasets information.

Dataset Nodes Timesteps Time Interval Time Range
METR-LA [69] 207 34,272 5 min 01 March 2012-30 June 2012
PEMS-BAY [69] 325 52,116 5 min 01 January 2017-30 June 2017
PEMSO03 [70] 358 26,208 5 min 01 September 2018-30 November 2018
PEMS04 [70] 307 16,992 5 min 01 January 2018-28 February 2018
PEMSO07 [70] 883 28,224 5 min 01 May 2017-31 August 2017
PEMSO08 [70] 170 17,856 5 min 01 July 2016-31 August 2016

MGCN also belongs to the traffic prediction category, but its graph construction and modeling emphasis
differ from STMAGRN. MGCN uses a weighted undirected road sensor graph and applies Chebyshev
graph convolution to extract spatial dependencies. It then uses a bidirectional Mamba architecture to
capture long-range temporal dependencies. In contrast, STMAGRN places stronger emphasis on dynamic
graph generation through the STM module, using memory-based traffic pattern matching to update graph
representations for the GCRN decoder. Therefore, STMAGRN is more directly aligned with the problem of
dynamically changing traffic topology and time-varying road dependencies.

(2) Telecommunication Network Data

In the telecommunications industry, STGNN-M uses the Milan Cellular Network Traffic Dataset [62]
when applying the Graph-Mamba framework. This dataset records the real mobile network usage of
thousands of base stations in the Milan metropolitan area of Italy.

Table 3 summarizes the dataset characteristics used in STGNN-M. The original dataset comprises a
100 x 100 grid of nodes, and a 30 x 30 subregion was selected for this study.

Table 3: Milan cellular traffic dataset information.

Total Timestamps
(Per Cell)

Milan [71] 900 (30 x 30) 3240 8640 10 min 235 m x 235 m

Dataset Nodes (Sensors)  Edges Time Interval  Spatial Resolution

In this model, connectivity between base stations (nodes) is not determined by physical distance but
is instead built based on the correlation of historical traffic, thus revealing cross-regional network load
dependencies. Simultaneously, the STGNN-M architecture embeds Mamba as a temporal module into the
GNN to simulate long-term periodic trends and short-term bursts of cellular network demand. Experiments
on the Milan dataset demonstrate that this model can overcome physical topology limitations and efficiently
solve the spatiotemporal prediction challenges in high-dimensional communication networks.
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(3) Skeleton-Based Motion and Physical Dynamics Datasets

In tasks that involve understanding how people move, the nodes of the graph stand for anatomical joints,
and the edges stand for skeletal connectivity (for example, bones that connect joints). Temporal sequences
show how poses change from one video frame to the next, creating a natural spatio-temporal skeleton graph.

Both SkeMamba and ActionMamba utilize the widely used NTU RGB+D 60 and NTU RGB+D 120

datasets, captured with Kinect depth sensors at 30 frames per second, along with smaller datasets, including
NW-UCLA and UAV-Human.

The NTU datasets include tens of thousands of 3D motion sequences, with each frame providing the
spatial coordinates of 25 skeletal joints, and actions ranging from basic gestures to complex multi-person
interactions. NW-UCLA contains three camera views and 10 subjects performing 10 action classes, while
UAV-Human extends motion capture to aerial viewpoints. Table 4 shows the basic information for the
commonly used Skeleton-Based Motion and Physical Dynamics Datasets.

Table 4: Skeleton-based motion and physical dynamics dataset information.

Dataset Subjects  Actions/Classes Samples Views/Cameras Modalities Environment
NTU RGB+D . RGB, Depth, :
60 [72] 40 60 56,380 3 views Skeleton, IR Indoor (Kinect v2)
NTU RGB+D . RGB, Depth, .
120 [72] 106 120 114,480 3 views Skeleton, IR Indoor (Kinect v2)
UAV- Multi-view RGB, Skeleton, Outdoor
Human [73] 119 155 67:428 UAV cameras Thermal, (Drone-based)
" Depth, IMU
NWw- 10 10 activities ~1470 3 Kinect RGB, Depth, Indoor
UCLA [74] (multi-person) videos cameras Skeleton (Multi-angle video)

When processing the above data, although the graph construction is based on the real skeletal structure,
the introduction of an “attention mechanism” allows Graph-Mamba to learn to find patterns on its own,
discovering joints that are not physically adjacent but are highly interconnected in movement (such as the
opposite hand and foot during running). The different processing methods for different models are as follows:

SkeMamba: Specifically focuses on spatial structure (between joints), and another approach focuses
on the transitions between frames. In both approaches, Mamba acts as a “smart valve,” ensuring that the
recognized movements are continuous and the transitions are natural.

ActionMambea: It allows GCN to focus on building the skeleton and capturing space, while Mamba is
dedicated to managing the timeline. This division of labor ensures that the model doesn’'t miss subtle local
movements and can also control the macroscopic evolution of the overall posture.

Regardless of the domain, the way in which the Graph-Mamba framework makes sense of the data lies
in its structure. Specifically, in traffic and communication systems, the nodes stand for the geographically
or functionally spaced sensors that communicate through dynamic weights, and in human motion systems,
the nodes denote physically restricted joints with continuity in their temporal states. Nevertheless, one thing
remains the same across all applications—the selective gate G, ensures that update strength is modulated
by the variation in the states of the nodes themselves, dampening redundant updates for static nodes and
amplifying them for dynamic areas.
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4.1.2 Model-Data Interaction: Integrating Graph and Mamba Dynamics

The Graph-Mamba model framework combines graph structure with state space dynamics. For the
spatiotemporal and physical systems considered here, this combination allows the models to jointly account
for spatial interactions through graph convolutions or message passing with attention mechanisms and
temporal interactions via selective recurrence within the Mamba framework.

(1) Trafhic and Urban Mobility Systems

In the traffic prediction models STMAGRN and MGCN both graph and Mamba modules are organized
in a sequence-based hybrid framework, in which the graph encoder encodes spatial characteristics for each
snapshot in time, and the Mamba module encodes the sequential relationship between the embeddings.
In this way, it becomes possible to treat the temporal signal of each node as a state trajectory governed
by interactions under spatiotemporal constraints. Fig. 7 illustrates the overall architecture of STMAGRN,
which is designed for traffic prediction in dynamic road sensor networks. Unlike earlier traffic forecasting
models that rely on predefined or static adaptive adjacency matrices, STMAGRN explicitly addresses the
time-varying nature of traffic dependencies by combining Mamba-based sequence modeling with memory-
enhanced dynamic graph construction. The model consists of four major components: a data embedding
layer, a Mamba encoder, a spatio-temporal memory module, and a GCRN decoder. Together, these mod-
ules enable STMAGRN to capture long-range temporal dependencies, node-specific traffic patterns, and
dynamically evolving spatial relationships in traffic networks.

Data Embedding Layer Mamba Encoder Spatio-Temporal Memory Module GCRN
1 Decoder
Spatio-Temporal Q Q
Day & Week Linear Linear Node Bank ¥ Wel BT
y eel
Embedding LayerNorm ~
= =
Feature it E § I
= =
Embedding d)‘ | )e GCN
LayerNorm
Adaptative E‘_'
Embedding Linear g LSTM

Figure 7: STMAGRN overall framework (redrawn from [63]).

MGCN utilizes a parallel framework for integration. Spatial dependency is modeled with the help of
GCN based on Chebyshev polynomials, while global temporal dependency is incorporated using Mamba
models. Fig. 8 presents the structure of the MGCN in [65].

Both pathways are then combined using a multi-level feature aggregation process. The model allows for
local spatial spreading and global temporal interaction to play an equal role in making accurate predictions
over time, while maintaining linear time complexity in the temporal domain.

The Transfer-Mamba model enhances this method by separating the state propagation process of
Mamba from any graph-dependent parameters. Here, the Mamba component is fine-tuned as a reusable
temporal prior, while the graph encoders are adapted to each city. Fig. 9 shows the architecture of Transfer-
Mamba, as outlined in [66].

This decomposition allows selective recurrence to be generalized across different cities, since the gating
function Gt is influenced by local variations in flows but is unaware of the actual structure of the graph.
Practically speaking, this results in efficient cross-domain generalization even when the available data is
limited.
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Figure 9: Transfer-Mamba overall framework (redrawn from [66]).

(2) Cellular Network Forecasting

In the STGNN-M model, the selective state-space mechanism (Mamba) is cleverly integrated into
a graph neural network designed specifically for telecom traffic prediction. Unlike geographic location-
dependent traffic maps, the Milan cellular network graph here is “functional”—the connections between
nodes are based entirely on the correlation of signals, rather than physical distance. Fig. 9 shows the overall
architecture of STGNN-M proposed in reference [64].

To jointly capture complex spatiotemporal dynamics, the STGNN-M model employs three core com-
ponents: a bidirectional Mamba encoder, a dual-view graph learning module, and a Mamba-based decoder,
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which can model the dynamic and heterogeneous connectivity relationships in cellular networks with
extremely high efficiency. The overall framework of STGNN-M is shown in Fig. 10.
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Figure 10: STGNN-M overall framework (redrawn from [64]).

(3) Skeleton-Based Motion and Physical Dynamics

In problems involving human activity recognition, Graph-Mamba architectures exhibit increased
coupling between spatial and temporal aspects. The SkeMamba and ActionMamba architectures are designed
to synchronize graph processing with Mamba processing, capturing the natural continuity and dependency
between the components of human movement dynamics.

SkeMamba builds two independent recursive sequences—one moving along the spatial graph structure
(from joint to joint), and another along the temporal sequence (from frame to frame). Each recursive
sequence is controlled by an individual gating mechanism, and their combined output results in the
unified description of the body movement. Fig. 11 shows the full architecture of SkeMamba, as described in
reference [67].

Such a design allows the model to discriminate between structural invariance, e.g., rigid skeleton
structure connectivity, and temporally varying components, e.g., body pose dynamics. Through empirical
study, it is noted that activations from gates mostly occur near important joints such as the trunk and limb
regions, suggesting that Mamba intrinsically focuses on semantically meaningful motion areas.

On the other hand, ActionMamba uses a hierarchy of GCN-Mamba mixed backbone architecture.
Local dependency among joints is modeled by the graph convolutional layer first, and then global temporal
relation among the skeleton joints is captured by Mamba layers. An Action Perception Module (APM)
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unites the output from both pathways, enabling the model to simultaneously examine both local and global
motions. Fig. 12 illustrates the overall architecture of ActionMamba [68].
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Figure 11: SkeMamba overall framework (redrawn from [67]).
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Figure 12: ActionMamba overall framework (redrawn from [68]).

This hierarchical structure facilitates multi-level spatio-temporal reasoning by integrating static pose
encoding with dynamic motion aggregation.

(4) Cross-Model Observations

Regardless of different types of problems and architectures, all the Graph-Mamba models follow certain
general design principles.

First of all, the entire architecture is built on the basis of selective propagation as opposed to traditional
self-attention. In the course of applying the gating mechanism from the Mamba model in the temporal
dimension, the Graph-Mamba models enable learning of long-term dependencies in linear time complexity
while avoiding scalability issues inherent to self-attention mechanisms. Furthermore, graph structure offers
spatial priors for modeling: no matter whether the adjacency matrix represents physical, functional, or
anatomical connections, it imposes restrictions on the evolution of the state space.

The process of evolving a state space creates yet another interpretation opportunity since one can track
how the hidden state evolves. The evolution pattern corresponds to the way information propagates and
stabilizes at nodes in the physical world, as seen when applied to transportation or human coordination
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systems. Finally, dual-path coupling creates better noise-resistance properties for the architecture because
dual-axis propagation helps maintain temporal consistency.

In the end, these mechanisms show that Graph-Mamba is much more than just a simple mashup
of GNNs and Mamba. It works as a framework based on theory that sees graph data as changing
dynamic systems.

4.1.3 Theoretical Insights and Empirical Observations

Spatio-temporal and physical perspectives offer useful insights into how Graph-Mamba differs from
conventional spatio-temporal graph neural networks, particularly in its treatment of long-range depen-
dencies and state propagation. Rather than relying on explicit global pairwise interactions, as commonly
used in attention-based models, Graph-Mamba captures long-term correlations through input-dependent
selective state updates. The following subsections illustrate this modeling shift by reviewing representative
architectures and the empirical and qualitative findings reported in recent studies.

(1) Stability and Controllable Recurrence

In the reviewed spatio-temporal Graph-Mamba models, temporal stability mainly arises from the
selective state-space update inherited from Mamba. Compared with attention-based models, which compute
pairwise dependencies across sequence positions, Mamba encodes long-range information through selective
state transitions. This design allows the model to retain useful historical information while filtering less
relevant inputs, thereby supporting stable long-horizon forecasting.

In MGCN, temporal stability is improved by using a bidirectional Mamba architecture after Chebyshev
graph convolution. The Chebyshev GCN first extracts spatial dependencies from the road network, and
the bidirectional Mamba then captures long-term temporal dependencies in both forward and reverse
directions. This helps the model maintain prediction quality as the forecasting horizon increases.

For STMAGRN, stability is achieved differently. The model first uses a Mamba encoder to extract
long-range spatio-temporal features from embedded traffic sequences. Because Mamba has linear sequence
complexity and a selective state-space mechanism, it can model temporal evolution more efficiently than
attention-based traffic models. STMAGRN then introduces a spatio-temporal memory module to retrieve
representative traffic patterns from a memory bank. This memory-based pattern matching helps stabilize
prediction by grounding the current input in learned historical traffic patterns rather than relying solely on
instantaneous node signals. Finally, the GCRN decoder combines GCN and LSTM to jointly model spatial
dependencies and temporal recurrence.

(2) Flexibility in the Dynamics of Graph State Coupling

The combination of graph structures and selective state-space modeling gives Graph-Mamba models
flexible expressive power. In traffic prediction, a node’s future state depends not only on its own historical
observations but also on spatial interactions with other sensors or road segments. Classical traffic GNNs often
use predefined adjacency matrices based on physical distance or road connectivity. Later models introduce
adaptive adjacency matrices, but these learned graphs are usually static after training and may fail to reflect
real-time changes in traffic dependencies.

STMAGRN directly addresses this limitation through its spatio-temporal memory module. Instead of
relying on a fixed graph or a static adaptive adjacency matrix, the STM module learns representative traffic
patterns from node-related data and dynamically generates graph embeddings. These embeddings are then
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used by the GCRN decoder to guide graph convolution. In this way, the graph structure becomes input-
sensitive and traffic-pattern-aware, allowing the model to better capture non-stationary spatial correlations
caused by congestion, rush hours, incidents, or changing road conditions.

This mechanism differs from MGCN. In MGCN, the graph structure is based on a static road sensor
topology, and Chebyshev graph convolution is used to extract multi-hop spatial information before temporal
modeling. This design is effective for long-term prediction but still relies on a relatively fixed spatial structure.
STMAGRN, by contrast, places greater emphasis on dynamic graph generation. Its STM module retrieves
the most relevant historical traffic patterns and uses them to construct dynamic graph embeddings, making
the spatial dependency structure more adaptive to current traffic states.

In the STGNN-M architecture, the Mamba mechanism operates as a temporal filter, adaptively respond-
ing to fluctuations in network-level activity. This enhances short-term adaptability under irregular time
intervals, indicating that the gating function Gt functions similarly to a data-driven, time-sensitive controller.
These results confirm that the advantage of Graph-Mamba lies not in architectural complexity, but in the
adaptive coupling between local structure (graph) and global evolution (state).

(3) Generalization and Transfer Properties

Evidence from the Transfer-Mamba approach proves that the temporal modeling through Mamba
networks is capable of generating generalization. In particular, the temporal dynamics generated from an
urban traffic network, such as METR-LA, could be effectively applied to other networks, for example,
Chengdu and Shenzhen, with minimal tuning. Thus, the selectively updated states can learn temporal
dynamics without any domain-specific information.

The conclusion aligns with the modular nature of Graph-Mamba’s design, where the temporal dynamics
generated via Mamba layers are independent of the spatial structure. Hence, as A, changes according to
the new graphs, the recurrent kernel can be reused as a common temporal dynamic generator for different
graphs.

(4) Interpretability through Selective Propagation

An observation consistently found in all six experiments is the ability to interpret the propagation
mechanism of Graph-Mamba, since Mamba uses explicit hidden representations H; through time. Therefore,
the changes in these representations through time can be plotted or visualized.

In traffic networks, activation values G, increase when there are traffic jams. On the other hand, in
skeleton action recognition problems, high gate activations are typically observed when joints exhibit large
motion variations, such as limbs, and low activation levels are seen in relatively static joints, such as the
torso. These observations, derived from SkeMamba and ActionMamba visualization results, lend support for
interpreting G as a selective attention strategy based on temporal continuity.

Moreover, the state-space formulation of Graph-Mamba provides a structured view of temporal infor-
mation propagation and motivates further analysis using concepts from signal processing and control theory.
Although general stability and convergence results remain to be established, the explicit representation of
historical states may facilitate model inspection and help trace how past information contributes to current
representations.

(5) Empirical Trends across Models

The observed empirical results across the studied spatio-temporal tasks display some consistent find-
ings. The incorporation of Mamba modules in all models leads to decreased MAE and RMSE in prolonged
prediction horizons (30-60 min) relative to Transformer-based STGNNs. Since Mamba modules require
linear-time computation and hence effectively limit model sizes, they address the typical issues of training
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large temporal graphs. Moreover, they yield better generalization abilities as the Transfer-Mamba framework
successfully transfers to other cities through identical state parameters, implying that the learned temporal
recurrences exhibit physically transferable properties. In addition, in visual motion tasks, activations in
gates correspond to important physical motions. Rather than discovering only statistical associations,
selective propagation represents physical events. Finally, the Graph-Mamba framework surpasses mere
modularity-based aggregation by combining graph structures with robust state space dynamics.

4.2 Biomedical and Bioinformatics Graphs

It is clear that the biomedical field represents an especially promising area of Graph-Mamba imple-
mentation because biological systems are essentially structured, multi-level, and dynamic. Indeed, there are
many areas in biology and medicine where the problem lies in classifying images based on WSIs [75,76]
and segmenting 3D medical images [77]. The mentioned problems can be solved using hybrid architectures
such as VGM-UNet [78] and GCNet-Mamba [79], which use adaptive fusion in dealing with high resolution
and complex spatial dependencies typical for digital pathology and clinical image processing. Importantly,
whether at the molecular level, in brain connectivity, or even medical imaging, each dataset has one thing
in common: they all can be described as graphs of interconnected entities evolving through time or space.
Hence, Graph-Mamba can serve as a tool to capture the spatiotemporal characteristics of living things by
combining topological representation with selective dynamical propagation.

In the biomedical field, various heterogeneous data, from microscopic molecular structures and meso-
scopic dynamic brain networks (such as EEG/fMRI) to macroscopic medical images (pathology/radiology),
can be uniformly represented as graph structures. However, existing modeling paradigms have inherent limi-
tations: GNNG struggle to handle long-range dependencies and high-dimensional sequences, while sequence
models (RNNs or attention mechanisms) lack awareness of explicit graph topology. Graph-Mamba effectively
bridges this gap by introducing a selective SSM. It treats multi-scale networks as continuous dynamic systems,
achieving context awareness and selective scanning across time and space, demonstrating outstanding
performance in complex tasks such as protein-ligand binding prediction, brain network classification, and
medical image segmentation. More importantly, compared to “black box™ attention models, Graph-Mamba’s
explicit hidden state dynamics endow the model with strong interpretability. By tracking signal propagation
and gating activation in the network, it can clearly reveal the driving factors of molecular interactions,
brain region synchronization, and pathological boundaries, highly meeting the rigorous requirements of
transparent artificial intelligence in clinical applications.

The current section will review the use of Graph-Mamba in three fundamental biomedicine scales. First,
it will specify datasets, graph models, and their node-edge semantics in each specific sub-area. Next, the
coupling of Mamba’s state space algorithm with different biologically based graphs will be analyzed. The
aspects of stability, generalization, and interpretation will be covered with quantitative evidence provided.

In these sections, we want to show that Graph-Mamba is not just a new way to build things, but also a
way to model structured biological dynamics that connects molecular bioinformatics, systems neuroscience,
and medical imaging in a single mathematical and computational framework. This section selects six
papers that represent the core of current biomedical Graph-Mamba research (as of October 2025). They
cover various levels of biology: the molecular scale-protein-ligand and RNA-disease networks, where graph
nodes represent molecular components; the neural scale-dynamic brain connectivity networks derived
from EEG/fMRI signals; and the organ/tissue scale-medical imaging tasks (segmentation, classification)
represented by graph-structured pixel or patch interactions. Table 5 provides a list of the papers and
basic information.
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Table 5: Representative Graph-Mamba studies in biomedical and bioinformatics.

Model Primary Task Domain Graph-Mamba Integration
Combines Graph Transformer with
MGDTA Drug-Target Affinity Molecular Mambea to jointly encode protein
Model [80] (DTA) Prediction Bioinformatics sequences and molecular graphs via

selective state propagation.

Uses MambaTextCNN for RNA
sequence dynamics, with GCN and
attention for cross-modal association.

MambaCAttn piRNA-Disease Genetic
GCN+ [81] Interaction Prediction Bioinformatics

Brain Functional

Network Modeling, Computational Introduces dual-channel (BTMamba +
Brain-Mamba [82] Multi-modal Neuroscience BNMamba) for temporal brain activity
EEG/MEG/fMRI and graph-level connectivity.
Decoding
AGIIBM Multi-view Brain Employs Mamba as temporal encoder
model [83] Network Classification Neuroinformatics within a GIB compression scheme for
) (ASD, MDD) dynamic brain graph features.

Combines SSM temporal modeling

Whole-Slide Image with graph aggregation of patch-level

DG-SSM-MIL [54] Classification Digital Pathology representations for slide-level
prediction.
GraphMamba . Proposes graph-driven topology-aware
(Medical Image Segmentation (Heart Medical Imaging scanning and spatial consistency

MRI, Liver/Organ CT)

Segmentation) [85] learning within Mamba propagation.

4.2.1 Data Foundations and Biomedical Graph Structures

Graph-Mamba models have been successful in biomedical fields because they can encode complicated
biological data as structured graphs that are made better by dynamic state-space propagation.

In these instances, the graph abstraction functions as a cohesive framework that integrates molecular
connectivity, neural circuitry, and spatial anatomy. This part talks about the basic data structures that
biomedical Graph-Mamba models are built on and how they work with the selective dynamics of the Mamba
mechanism.

(1) Molecular Graphs and Bioinformatic Networks

From a molecular and genetic perspective, structures of items like proteins, ligands, and non-coding
RNA have intrinsic structure properties that make graph modeling possible [86-89].

Under this model, each molecule or biomolecular object is expressed in the form of graph G = (V, E),
where V = {vy,v,,...,v,} are atoms, residues, or subsequences, and E € V x V represent chemical bonds,
interactions, or functional relations.

With the use of atom connectivity matrices, the MGDTA Model [80] converts molecules into graphs
based on their SMILES representations [90-92]. It further leverages a transformer encoder to generate
protein embeddings, followed by using Mamba state-space propagation to connect them. The selective
recurrence feature makes it possible for the model to capture long-range residue dependencies while avoiding
excessive memory requirements, which is critical when dealing with big proteins and flexible ligands.
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MambaCAttnGCN+ [81] uses graph representations to make connections between piRNA nodes and
disease nodes extracted from biomedical databases (MNDR v4.0 [93], piRDisease v1.0 [94]). The MNDR
v4.0 benchmark used in Ref. [81] was derived from RNADisease v4.0 [93], from which the authors extracted
a piRNA-disease subset for model evaluation. In this approach, a bipartite graph is built, where piRNA nodes
equipped with features obtained via MambaTextCNN are connected to ontology-based embeddings carried
by disease nodes. Simultaneously, Mamba retains temporal-like sequence characteristics in the nucleotide
sequence. From this perspective, the usage of a recurrent network by Mamba means that there exists
hierarchy in contextual relations in static biological graphs, which could be considered as a time metaphor
of biochemical sequence evolution.

Five key datasets commonly used in DTA and ncRNA-Disease Association studies are presented
in Table 6 below. MNDR 4.0 and piRDisease v1.0 dataset details relate to the structures described in [67]
rather than the actual dataset sizes.

Table 6: Summary of public datasets for DTA and ncRNA-disease association tasks.

Dataset Drugs/Molecules Graphs Avg. Nodes Avg. Edges
Davis [95] 68 drugs 25,380 11,776 352,479
KIBA [96] 2116 drugs 88,992 272 9841

BindingDB [97 >1,000,000 compounds 700 400 6194
MNDR 4.0 [93] 8205 piRNAs 642 31 252
piRDisease v1.0 [94] 4350 piRNAs 204 62 2419

The models in the table above show that although molecular and genome maps have static topologies,
they can better represent dynamic intra-sequence coupling and intermolecular communication thanks to
the selective propagation of Mamba.

(2) Brain Connectivity Graphs

At the neuroscience level, Graph-Mamba is widely used to analyze the dynamic interaction networks of
the brain. In a standard brain network graph, nodes correspond to unique brain regions, which in most cases
would be the 116 AALs of interest in fMRI experiments. Node attributes are derived from the time-series
associated with EEG or fMRI measurements, whereas edges represent functional associations among such
signals, and these associations change over time. Normally, the degree of edge strength is computed using
the Pearson correlation. For example, Brain-Mamba [82] cleverly designs two complementary modules:
BTMamba is responsible for capturing the local “temporal dynamics” of each brain region, while BNMamba
treats the global network connections as a kind of “graph state transition”. The intuition of this design is that
the cognitive function of the brain depends on the dynamic connections between brain regions; at the same
time, Mamba’s unique “selectivity” mechanism gives the model a strong noise resistance and can easily cope
with the test of different time resolutions, which is extremely important for decoding neural signals.

In terms of processing multimodal data, AGIIBM [83] treats different types of data as different “views”.
It cleverly eliminates redundant connections by utilizing the information bottleneck principle, retaining only
the core dynamic evolution.

Data sources discussed above can be found in Tables 7 and 8 below. More specifically, Table 7 sum-

marizes the graph structures associated with data source [82] and Table 8 presents an overview of data
source [83].
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Table 7: Summary of topological graph properties and modalities in neuroimaging datasets.

. Avg. Avg. .
D Modal h D Task
ataset odality Graphs Node Edges escription/Tas
Task-based fMRI from 3 subjects viewing
BVEC [98] fMRI 25,380 11,776 352,479 8460 images (9-class visual
categorization).
ME t t of BVFC, -cl
BVFC-MEG [98] MEG 88,992 272 9841 G counterpart of BVEC, same 9-class
visual task with 4 subjects.
250 ADHD + 450 controls; resting-state
_ QC
ADHD-200 [97] fMRI 700 400 6194 fMRI for disorder classification.
EEG recordings (31 channels, 642
TUH-EEG [100] EEG 642 31 252 subjects) for seizure vs. normal
classification.
MPLEEG [101] EEG 204 62 2419 EEG data from young and elderly

subjects; cognitive aging analysis.

HCP (Mental MRI 2440 1000 7635 Predlc.tlng one of 7 mental states
States) [102] (Emotion, Language, Motor, etc.).
HCP (Age MRI 1067 1000 8041 Age group prediction (5 classes) based on

Prediction) [102] fMRI connectivity.

Note: The edge statistics are reproduced from Table 5 of BrainMamba [82]. The original study does not explicitly specify
whether symmetric functional connections are counted once as unique undirected edges or twice in a bidirectional
computational representation. Therefore, this value should be interpreted as the edge count reported by the source
rather than as the number of unique undirected node pairs.

Table 8: Summary of electrobiological and clinical brain network datasets for functional classification.

Subjects/Samples (As Stated in the

D Modali Task T
ataset odality Paper) ask Type
. , Seizure detection (binary
CHB-MIT [103] EEG 23 patients; 16 brain channels . i
classification)
Siena EEG Dataset [101] EEG 27 common r.nonopolar electrodes EEG-bas.ed ePilepsy
and 16 bipolar electrodes classification
_ 1096 brain network samples (527 Brain network classification
ABIDE-I [10! fMRI
[105] ASD + 569 controls) (ASD vs. control)

For the EEG-based datasets in Table 8, CHB-MIT and Siena, preprocessing followed standardized
clinical EEG protocols to ensure cross-subject consistency. In the CHB-MIT dataset, EEG signals from
23 patients were recorded at 256 Hz using the international 10-20 electrode system. Sixteen channels
consistently present across all subjects were retained for analysis. The data were segmented into 1-s windows,
maintaining a 1:1 ratio of seizure to non-seizure samples to balance classification. Similarly, the Siena
epilepsy dataset employed 27 common monopolar and 16 bipolar electrodes. The one-second sliding window



Comput Model Eng Sci. 2026;148(2):6 31

methodology was retained, and balanced sets were formed by matching seizures and non-seizures for
every patient.

For the ABIDE-I dataset, preprocessed resting-state fMRI data were obtained from the Preprocessed
Connectomes Project (PCP) [106]. The Automated Anatomical Labeling (AAL) atlas [107] was then used to
parcellate the brain into 90 regions of interest. Pairwise Pearson correlation coefficients between regional
BOLD time series were calculated to construct weighted functional connectivity matrices. To reduce
spurious correlations associated with zero BOLD signal vectors, problematic samples were removed during
preprocessing. The final dataset contained 1096 functional brain networks, including 527 individuals with
autism spectrum disorder and 569 typically developing controls, and was used for cross-patient ASD
classification.

(3) Medical Imaging Graphs

Graph-Mamba goes further than just time-dependent modeling and introduces a spatially organized
propagation based on the anatomy and imaging. As noted earlier, in image analysis in medicine, one often
represents spatial structures such as tissues, organs, or lesions through graph-based regions to show the
relationship between them rather than pixels, unlike traditional CNN models.

For instance, slides in pathology are divided into smaller sections called patches and used as the vertices
of DG-SSM-MIL [84]. The edges between these patches will either depend on proximity or the similarity of
color and textures, whereas the vertices will contain information about histology from the corresponding
patches. Within Mamba, the state space model takes care of the time aspect of these relationships and models
scanning order for pathology images. Additionally, the Graph Neural Network will gather local information
for global prediction tasks. This architecture, where the state space propagation in Mamba is combined with
graph-based modeling of spatial relationships, allows the efficient representation of gigapixel images while
retaining context consistency.

GraphMamba: Medical Image Segmentation [85] proposes an extension of Mamba’s selective propaga-
tion to two-dimensional and volumetric cases. GTAS is used by GraphMamba instead of scanning pixels in
the order of a simple sequence. In consequence, the order in which Mamba scans spatial entities depends
on the graph connectivity obtained either via superpixel segmentations or using anatomical priors. SCL
further improves propagation by imposing the anatomical consistency constraints on the boundaries of the
generated masks. In experiments on LVCM, LiTS, and BTCV benchmarks, it was proven that this approach
is a combination of speed provided by Mamba and accuracy due to the use of graph-based modeling in the
spatial domain. Table 9 contains the key information about the above-mentioned datasets.

Table 9: Public and clinical datasets used in DG-SSM-MIL and GraphMamba.

les/Sli luti
Dataset Modality/Domain Samples/Slides/ Reso 1}t10n °" " Annotation Type
Volumes Size
512 x 512 Slide-level labels
Histopathology 547 WSIs (training + patches (benign,
BRACS s .
(Breast Cancer) validation) extracted at 20x malignant,
magnification normal)
Slide-level
Whole-Slide Up to gigapixel ~ diagnosis from
TCGA- L I
CGANSCLC Pathology (Lung) 965 WSls resolution TCGA clinical
metadata

(Continued)
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Table 9 (continued)

Dataset Modality/Domain Samples/Slides/ Resoll.ltlon °" " Annotation Type
Volumes Size
TCGARCC Whole—Sh.de 891 WSIs ~1-2 QB per Sl}de—lev.el
Pathology (Kidney) slide diagnosis
. . Pixel-level
CAMELYONIG Histopathology 400 WSIs (270 train, 50,000. x 50,000 tumor/normal
(Breast Lymph Node) 130 test) pixels
masks
10,400 MRI frames 256 x 256 x 20 Pixel-wise
LVCM Cine-MRI (Cardiac) ’ ) myocardium and
from 105 subjects sequences .
lesion masks
. CT (Liver Tumor 131 train +70 test 512 x 512 axial Pixel-level liver
LiTS . volumes (~58,600 .
Segmentation) . resolution and tumor masks
slices)
12 x 512, 1 -level
CT (Abdominal 50 volumes, 80-225 212 x5 . S organ eve
BTCV . _— 1-6 mm slice segmentation
Multi-Organ) axial slices per volume ,
thickness masks

Both DG-SSM-MIL and GraphMamba formulate medical image analysis tasks as graph-structured
learning problems, where image regions are represented as nodes and their spatial and semantic relationships
are encoded as edges. In DG-SSM-MIL, each whole-slide image (WSI) is divided into non-overlapping
512 x 512 pixel patches extracted at 20x magnification. Each patch serves as a node, and edges are defined
using k-nearest neighbor connectivity (k = 8) based on spatial distance or color-texture similarity between
adjacent patches. Node features include 1024-dimensional vectors obtained using pretrained CNN backbone
models (ResNet-50 or UNI). The GNN takes care of spatial locality propagation. On the other hand,
Mamba state-space model incorporates temporal dependencies between patches to account for scanning
dependency. This combination offers a highly efficient gigapixel-level representation without losing any
important information.

The Graph-Mamba method constructs graphs based on superpixels or patches. The first step is
dividing the medical image (CT or MRI) into smaller segments known as patches. Graphs are created
through connectivity based on Euclidean distance and feature similarity. Graph pruning is then performed
to get topology-aware graphs. Graph-Mamba utilizes such topology-aware graphs to guide the Graph-
Driven Topology-Aware Scanning (GTAS). In GTAS, BFS algorithm decides on the sequence of state-space
propagation. The Spatial Consistency Learning (SCL) helps in increasing embedding consistency for better
results across various scanning orders.

(4) Cross-Scale Observations

In the molecular, neural, and imaging fields, Graph-Mamba exhibits a highly consistent core logic: it
uses adjacency matrices as structural operators, cleverly integrating topological relationships into continuous
dynamic equations to guide state changes; simultaneously, its gating mechanism acts like an intelligent
regulating valve, flexibly controlling signal propagation intensity based on local environments such as
molecular chemical stability, brain region synchronicity, or the spatial smoothness of images. This design
brings two very practical advantages. First, extremely high computational efficiency. Since graph nodes
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in biomedical fields often number in the tens of thousands, Mamba’s linear computational complexity
can easily handle this massive scale, directly overcoming the quadratic growth of computational power
bottleneck of traditional attention models. Second, process transparency. The selective gating and state-
update mechanisms of Graph-Mamba offer a structured way to inspect how information is retained and
propagated across biological or anatomical graphs. Although these internal states may sometimes align with
meaningful spatial or functional patterns, such alignment does not by itself constitute a causal explanation
or guarantee clinical interpretability. Further validation is needed to establish when these representations are
biologically meaningful and clinically reliable.

4.2.2 Model Interactions and Cross-Domain Adaptations

In this section, we explore how models work together and how their interactions facilitate adaptation
in different biomedical applications.

(1) Sequential-Structural Fusion in Molecular Bioinformatics

In molecular modeling tasks such as protein-ligand binding affinity and piRNA-disease interactions,
the Graph-Mamba architecture relies on two-stream fusion techniques. The graph stream encodes the
topological relationships between molecular subunits or biomedical entities, while the Mamba stream
processes the corresponding sequential or contextual features.

In this context, as seen from Fig. 13, the MGDTA framework [80] utilizes a multimodal late-fusion
method that uses graphical representations of chemical molecules together with protein sequences for
predictions. While using both modalities separately, the framework aims to fuse their features to better
predict the bindings of drugs and targets through leveraging their dependencies structurally and sequentially.
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Figure 13: Schematic overview of the MGDTA model for protein-ligand affinity prediction (redrawn from [80]).

Concerning the molecules, the process transforms the three-dimensional chemical structure of a
compound into a graph in which nodes correspond to atoms and edges represent covalent bonds. After being
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annotated with physicochemical descriptors, the application of Laplacian eigenmaps enables the creation of
position embeddings such that the geometrical structure is maintained. After that, the Graph Transformer
Layer (GTT) model is used, where the message passing neural networks (MPNNs) are combined with
multihead self-attention models. In doing so, the GTT model manages to assign importance to the local
chemical bonds and structural relationships without suffering from the atom/structure dilemma.

Meanwhile, the structure of the molecule is converted from the SMILES representation into a 166-bit
MACCS fingerprint for capturing the structural keys that are pre-defined. The sequential data, upon
undergoing embedding projection and the Transformer encoder operation, are used to supplement the
GTT outputs with important information concerning the functional group and the overall structure of the
molecule. On the other hand, the protein modality leverages the Mamba architecture. The Mamba model
can adjust its internal state transitions using the scanning mechanism to find the precise binding site residues
without affecting linear computation.

This architecture integrates all three types of generated data in the cross-domain feature fusion using
dot-product cross-attention. This way, dynamic re-weighting of the multi-channel input feature is performed,
which leads to a synergy between the representation of the drug structure and the embedding of the protein
sequence. Finally, these features will be passed through the fully connected layers for predicting the binding
affinity score.

Similarly, the MambaCAttnGCN+ algorithm applies a tri-branch fusion strategy, which integrates: (1)
MambaTextCNN for capturing information from the nucleotide sequences, (2) cross-attention for semantics
alignment, and (3) graph convolutional network for inferring topology within the piRNA-disease association
network. The MambaCAttnGCN+ model architecture is shown in Fig. 14 from reference [81].
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Figure 14: Schematic overview of the MambaCAttnGCN+ model for piRNA-disease association prediction (redrawn
from [81]).

The Mamba block is not used to model time per se, but to propagate context along the nucleotide
sequence, creating a continuous latent representation that complements the discrete graph structure.
Through this mechanism, molecular graphs and biological sequences operate as parallel state spaces
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(one defined by structural topology and the other by informational sequence order) which interact via
cross-modal attention.

The above architecture demonstrates that Mamba can serve as a dynamic context generator in biochem-
ical graph learning, introducing selective recursion to complement graph convolution or attention-based
relational encoding.

(2) Temporal-Topological Integration in Neural Graphs

At the neural level, the Brain-Mamba and Multi-view Brain Network Mamba models showcase Graph-
Mamba’s ability to combine temporally relevant neurodynamics with structural or functional connectivity
graphs. Both models treat brain activity as a collection of temporal series of regions connected by evolving
correlations, formalized as a dynamic graph G; = (V, E;).

In Brain-Mamba, the architecture is explicitly dual-path; Fig. 15 shows the Brain-Mamba architecture
proposed in ref. [82].

1. BTMamba (Brain Temporal Mamba) models within-region temporal dependencies using a selective
state-space module, effectively replacing recurrent units (e.g., GRUs) with a linear-time sequence
processor.

2. BNMamba (Brain Network Mamba) aggregates regional states through graph-based propagation over
functional connectivity matrices. These two paths are interleaved, allowing recurrent updates from
Mamba to inform graph-level reasoning and vice versa. The model thus captures both intra-region
dynamics and inter-region coupling.
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Figure 15: Schematic overview of the Brain-Mamba architecture for multimodal neuro-signal decoding (redrawn
from [82]).

Multi-view Brain Network Mamba, on the other hand, improves upon the proposed architecture
through the addition of the Adaptive Graph Isomorphic Information Bottleneck (AGIB) block, whose
purpose is to reduce redundancy of features within each modality (fMRI, EEG). Each modality retains
its respective graph structure, whereas a common Mamba Temporal Encoder is used for all of them. The
architecture of AGIIBM is depicted in Fig. 16 [83].

The common encoder ensures that temporal features will be aligned across views, making it possible
for the network to transfer knowledge from one modality or patient cohort to another. In contrast to fixed
GNNs, the proposed design allows the model to learn temporal correspondences across modalities, which
is essential for combining data from multiple sources of neuroimaging.
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Figure 16: Schematic overview of the AGIIBM model for multi-view brain network classification (redrawn from [83]).

In both architectures, selectivity-based gating serves as a means of recursion as well as a stability control
measure. They avoid exploding gradients by limiting update values while maintaining temporal continuity

in noisy signals.

(3) Spatial-Sequential Coupling in Medical Imaging Graphs

However, concerning medical imaging, the relationship between Graph and Mamba is different. It
goes from the time dimension of evolution towards the spatial dimension of order-awareness, since even
though biomedical images are static, they have some natural spatial order dependencies that may be traversed
through as if it were a sequence. The patch-level embedding features are considered a pseudo-sequence
created based on scanning order or spatial proximity. In the Mamba network, features work as the memory
of information within the context, while in the GNN, features are collected in the slide level. Fig. 17 describes
the structure of the DG-SSM-MIL approach described in reference [84].
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Figure 17: Schematic overview of the DG-SSM-MIL framework for whole-slide histopathology image classification

(redrawn from [84]).
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This architecture helps in ensuring the continuity of the local region and global consistencies, which
is important for large scale analysis in histopathology. Since patches represent contiguous regions, the gate
term G, controls the process of contextual blending, thus preventing over-smoothness in heterogeneous
cellular spaces.

In the GraphMamba (Medical Image Segmentation) model, this concept has been further expanded by
implementing a scanning process guided by topology. The model generates a graph adaptively, depending
upon the superpixels/regions adjacency, and uses GTAS to identify the scanning process order for Mamba.
SCL ensures continuity at adjacent nodes, and the features of the nodes are processed according to the order
in which they appear in the graph. The architecture of the GraphMamba (Medical Image Segmentation)
model described in reference [85] is illustrated in Fig. 18.
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Figure 18: Schematic overview of the GraphMamba architecture for topology-aware medical image segmentation
(redrawn from [85]).

The proposed architecture facilitates feature propagation without compromising the structure as a
whole, which is important for anatomically-consistent segmentation applications. The experiments con-
ducted on the LVCM, LiTS, and BTCV data reveal that topologically-constrained scanning delivers superior
performance in terms of boundary detection when compared to baselines using purely CNN or transformer-
based architectures.

(4) Cross-Domain Adaptability and Knowledge Transfer

Despite its vastly different application scales across molecular, neural, and imaging fields, Graph-
Mamba demonstrates remarkable cross-domain adaptability thanks to its highly transferable underlying
mechanisms. This versatility is primarily attributed to three core design features: first, the structural decou-
pling of the spatial graph module from the Mamba sequence module, enabling flexible reuse of sequence
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processing components across tasks; second, a unified linear state update equation, providing a foundation
for parameter-level transfer between different tasks; and most importantly, its state transition process is
always explicitly guided by the graph adjacency matrix. In addition, the ability of the proposed approach
enables the model to adapt its structure in response to different configurations of a network regardless of
whether it is a molecule or a brain network by avoiding the need for changing the architecture altogether.
Through the tight integration of graph topology reasoning and state-space dynamics manipulation, Graph-
Mamba produces a biological computational platform that allows for the necessary adaptation to any
diffusion or communication process.

4.2.3 Theoretical and Empirical Insights

The combination of graph-based learning and state-space dynamics, used in the biomedical Graph-
Mamba paradigm, provides several theoretical models, all of which have been proven effective in practice.
Regardless of whether it is applied to molecules, neurons, or images, this methodology always shows
three main features, which include structural robustness, scale invariance, and interpretable propagation
dynamics. This section highlights these key features through an analysis of the articles covered.

(1) Structural Stability and Controlled Information Flow

Recent applications, including RLMamba [108] and MambaMIL [109], employ Mamba-style selective
state updates to improve feature retention and information filtering in task-specific settings. These results
provide empirical support for the usefulness of recurrent selective propagation.

Being characterized by high complexity and large amounts of noise, biomedical data are known to be
very hard to work with [110-112]. This property makes Mamba’s stability very useful. For instance, consider
Brain-Mamba [82] that can classify EEG and fMRI: it generates stable time trajectories despite the fact
that the inputs are highly noisy and unstructured; moreover, it has higher convergence rates compared
to attention mechanisms but does not sacrifice the signal’s coherence. Such behavior can be observed in
graph-based segmentation using GraphMamba [85]: by introducing GTAS to its architecture, it achieves
numerical stability and prevents noise from accumulating due to its irregular graph topology—a problem
faced by classical graph convolutions. In simple terms, the gate serves as a built-in regularizer that eliminates
unnecessary activations while keeping the important ones. Similarly, it is also valid for molecular modeling,
where the Innovative Mamba and Graph Transformer frameworks illustrate the same property for state
propagation between protein residues and ligands regardless of the graph’s size, achieving stable convergence
without numerous gradient spikes.

(2) Cross-Scale Expressiveness and Dynamic Representation

The scalability of Graph-Mamba in terms of expressive capabilities within biological hierarchies is a
common observation. Compared to conventional GNNs, which are confined by limited receptive field size
and stationary adjacency matrix, Graph-Mamba employs continuous and adaptive filter mechanisms to
direct signal propagation based on biological conditions.

Specifically, MambaCAttnGCN+ [81], a combination of Mamba’s natural language representation and
graph convolution techniques, was employed to represent sequence-based interactions of piRNA and higher-
order connections among diseases. In the same way, Multi-view Brain Network Mamba revealed how selective
state-space propagation could coordinate across different imaging data types, leading to an average of 3%-6%
improvement in multi-view classification accuracy compared to fixed-topology GNNs.

Practically, Graph-Mamba models dynamically scale their state-space kernels at different levels. As
illustrated in GraphMamba in medical image segmentation [85], Graph-Mamba automatically tuned the
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bandwidth for spatial propagation, such that in homogeneous tissue areas, G; would be low to maintain
smooth representations; conversely, near the anatomical boundaries, G; was higher to boost feature contrasts.
As confirmed by the gate activations in the ablation study of the paper, such adaptive modulation offers
empirical evidence for biological-awareness expressiveness.

(3) Interpretability and Biological Plausibility

Concerning the field of biomedical models, the importance of interpretability may be compared to that
of prediction accuracy. Graph-Mamba models offer an approach allowing a clear way of analyzing the path
of signals’ propagation in a complicated architecture. Opposed to the opaque way used in classical attention
mechanisms, Mamba uses explicit tracking of the intermediate hidden states and gating coeflicients, thus
allowing an analysis of how the information passes in a biological network.

An instance of this is Brain-Mamba [82]. Selective gate activations coincide with typical brain activity
during cognitive functions, as confirmed by the robust activations located in the fronto-parietal and temporal
areas of the brain that coincide with typical patterns of synchronization in neuroscience. It is likely that
Mamba’s gate activation represents real brain functions, not just statistical noise.

In medical imaging as well, Graph-Mamba [85] demonstrates interpretability. Visualization of gate maps
in segmentation boundaries shows activation spikes near the borders of organs, thus confirming the existence
of the model’s selectivity in propagation of information in real anatomical structures. In molecular systems,
the attention shifts to the state coupling of the residue subgraph with ligand subgraph.

In the evaluation of the MGDTA model [80], the authors observed that the Mamba-based represen-
tations placed greater emphasis on protein residues associated with known binding regions. This finding
suggests that the learned state dynamics may capture functionally relevant patterns for drug-target affinity
prediction. However, the reported correspondence provides supporting evidence rather than definitive proof
of correct or causally interpretable latent trajectories.

(4) Cross-Domain Generalization and Transfer

Empirical evidence additionally supports Graph-Mamba’s ability to facilitate knowledge transfer
between different biological scales and modalities, which stems from the modularity of the decomposition
that isolates graph-based encoders from the shared dynamics of the state space.

In AGIIBM [83], the Mamba encoder pretrained on resting-state fMRI was successfully applied for EEG
classification using fine-tuning on only <10% of the parameters, yielding similar levels of accuracy.

GraphMamba [85] demonstrated that pretrained model weights on the BTCV dataset could be used for
LiTS without any need for fine-tuning of the Mamba core module, suggesting that the selective state module
could be reused as a biological prior in terms of spatial continuity.

The MambaCAttnGCN+ [81] approach utilized pretrained RNA encoders on disease datasets to show
that learned dynamics of the Mamba model reflect biological sequence order.

Theoretical consideration shows that the use of such a selective recurrence operator is associated with a
contractive mapping in the case where || I — G; || < 1, thus ensuring a stable propagation regardless of varying
topologies’ cardinality. It has been found to be the key requirement for achieving domain stability both in
molecule and neurograph models.

In the end, we show that Graph-Mamba manages to combine the aspects of stability, expressiveness,
and interpretability within a bio-inspired state space. The use of theories of control and dynamical systems
provides additional rigor for Graph-Mamba since the gating ensures bounded propagation energies and
graph coupling introduces domain-specific biases into the model. Therefore, Graph-Mamba is not an
artificial neural network but a mathematical basis.
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4.3 Heterogeneous and Multi-Relational Graphs

Extending the Graph-Mamba framework to heterogeneous and multi-relation graphs is a logical next
step. Homogeneous graphs treat all nodes as equally important; however, reality exhibits heterogeneity in
terms of entity type and various contexts [113-115]. Mamba’s selective state space can regulate information
exchange between different relations and time scales, and core branch analysis and multi-label classification
schemes are commonly used to address structural noise associated with complex networks [116,117].

Mambeass efficiency, combined with graph-related inductive biases, allows it to directly handle traditional
graph tasks. There is a promising potential in the application of such techniques to 3D reconstruction [118],
dynamic graph structure learning [119], and image feature extraction [120,121]. Such adaptability is clearly
observable in the practical realm, ranging from HSI and LiDAR-based land cover classification [122]
to biomedical soft tissue tracking [123], which confirms the robustness of Graph-Mamba’s fundamental
concepts even within multimodal sensor networks.

Specifically for heterogeneous graph modeling [124], each node v; and edge e;; is assigned a semantic
category, leading to a graph schema G = (V,&,¢,y) where ¢ (v;) and v (e;;) stand for the node and
edge types, respectively. Heterogeneous graphs can model various types of graphs, such as social relations,
knowledge ontologies, recommendation systems, and citation networks. Learning intra-type coherence and
inter-type dependency becomes a core issue for such graphs. Conventional HGNNs are commonly based
on either meta-path or type-specific encoders, which may ignore temporal dependency and higher-order
relationships crossing relation types.

Graph-Mamba aims at addressing this issue by transforming such graphs into a continuous selective
state-space. Specifically, the model employs type-aware gating to directly control the state transition of
latent states. Instead of following strict message passing rules, the model performs selective routing through
relation-wise subgraphs. This strategy is effective in learning non-local information with robustness.

Across recent studies, Mamba’s role in heterogeneous graph settings has expanded from temporal
sequence processing to contextual reasoning over typed structures. The selective state-space has proven
effective at adapting propagation strength to the semantics of each edge type.

In practice, this allows Mamba modules to act as relation-specific filters that capture high-order
dependencies-for example, in social hypergraphs (friend — group — event), recommendation graphs (user
— item — context), or citation networks (paper — author — venue).

Graph-Mamba’s hybrid design thus provides two complementary advantages: gating functions control
which relations contribute to current state updates, thereby mitigating over-smoothing across irrelevant node
types; and the state-space formulation bridges textual, symbolic, and relational modalities, enabling joint
learning from structured and unstructured information sources.

The heterogeneity of data structures across domains is evident in the diversity of recent Graph-Mamba
applications, four of which represent the current frontier of this research direction. Table 10 provides basic
information about the papers discussed.

A distinct trend is evident across these models: Graph-Mamba architecture progress from solely spatial
reasoning to relational-contextual reasoning, conceptualising the graph as a structured manifold upon which
selective dynamics occur. This change shows how general Graph-Mamba is; the framework is no longer
limited to time or space but can be used in any area where different types of relationships affect how a
system works.



Comput Model Eng Sci. 2026;148(2):6

41

Table 10: Core literature in heterogeneous and multi-relational Graph-Mamba research.

Key Interaction with Mamba

Model Domain Graph Type Core Task Mechanism
Soctal Hyper-relational High-order social slslggc(il\?ecztsa?eyp izeigzt?x iz
HGM-SRR [125] Network graph (people <> g-ore a¢ propag .
. relation inference ~ capture multi-entity dependencies
Analysis group <> event) .
across social contexts.
Sequential Couples Mamba sequence module
User-Item . . .
Recommender recommendation with graph-based collaborative
CIM-SR [126] heterogeneous . . . .
Systems . ; and collaborative information propagation for
interaction graph . . .
filtering context-adaptive recommendation.
Heterogeneous Answer Integrates Mamba state'space' fo'r
Knowledge knowledge graph generation with textual context propagation within
27 .
AdaptQA [127] Graph & NLP  (entities, relations, knowledge kn'ow'l edge-graph structures,
. bridging language and graph
texts) reasoning e
modalities.
Attributed Knowledge-value Employs Mamba for tc?mp o.ral .and
Scholarly citation eraph assessment and semantic state tracking within
EMK-KEN [128] Network grap o heterogeneous citation networks,
. (paper, author, citation impact . .
Analysis integrated with graph-based

venue)

prediction

knowledge propagation.

Theoretically, Mamba’s state-space dynamics offer a continuous-time framework for disseminating

information across discrete heterogeneous structures. Each type of relation adds to a different part of the
overall system dynamics, which makes it possible to understand how states change in relation to each other.
Following this overview, the next subsections look at four examples of how heterogeneous Graph-Mamba
systems can be used.

4.3.1 Hyper-Relational Graphs and Social Reasoning

The hyper-relational graph representation model [129] can effectively handle the multi-entity and multi-
context nature of social systems. Social interaction data in [125] is modeled into a heterogeneous hypergraph,
as shown in Eq. (27):

H = (V, &y, D, \P) s (27)

Define % = (V, &y, @, V) as a heterogeneous graph where V consists of nodes of various types, such
as people, groups, and incidents. The hyperedge collection &, represents high-order relationships between
several elements that appear together in the same social or physical environment. The functions ® (v) and
¥ (e;,) map each node v and hyperedge eh to their corresponding types for better feature handling based on
their types.

These nodes have multimodal features, such as images, texts, and metadata that need to be preprocessed
before embedding them in the latent space and building the graph. The hyperedges can be formed using
either of the following two methods: (1) Hyperedges are formed when entities/individuals participate in the
same event instance together; or (2) The formation of hyperedges is dependent on the co-occurrence rate or
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semantic proximity of the entities (group membership, history of communication). This way, more than one
individual can be connected via one hyperedge.

(1) Dataset Structure Description

Table 11 provides several benchmark datasets covering visual, textual, and social modalities, laying the
foundation for this paper’s evaluation of higher-order relational reasoning capabilities.

Table 11: Summary of multimodal social relation and contextual affinity benchmark datasets.

Model Domain Scale Relation Categories
Imace-based social 24,457 images; Friend (Fri), family (Fam), couple (Cou),
PISC-F [130] & . 76,573 social professional (Pro), commercial (Com), and no
relation dataset . i
relations relation (No).
Image-based social 17142 images;
PISC-C [130] & . 64,514 social Intimate (Int), non-intimate (Non), and No.
relation dataset relations

Attachment (father—child (r0), mother—child
(r1), grandpa-grandchild (r2),
grandma-grandchild (r3)), reciprocity (friends
(r4), siblings (r5), classmates (r6)), mating
(lovers/spouses (r7)), hierarchical power
(presenter—audience (r8), teacher-student (r9),

Photo album

dataset for identity 37,107 images, 2356
and relation identities
classification

PIPA [131]

trainer—trainee (r10), leader-subordinate (r11)),
and coalitional groups (band members (r12),
dance team members (r13), sport team
members (r14), colleagues (r15)).

In each case, the dataset contains multi-person images that can be used to create a hypergraph where:
Nodes represent people in the image; Hyperedges represent common context frames or events (all people in
the image are one hyperedge). For PISC, there are annotated relations between specific pairs of people; for
the hypergraph, there are implicit relations involving multiple people in the same image. On the other hand,
PIPA focuses on the consistency of the same person’s identity in multiple images, making relational reasoning
possible. Such differences make these two datasets suitable to test the performance of Graph-Mamba in
hyper-relational reasoning tasks.

The hypergraph generation algorithm for both datasets includes three main phases. Firstly, pretrained
detectors are used for identifying persons in each frame, and then bounding boxes are used for extracting
region-based features, which can be considered as node embeddings. Secondly, one hyperedge connects all
persons detected in one image, and additional hyperedges are created when the person is visible in several
images (as in PIPA). This allows forming a multi-layer hypergraph taking into account intra-scene and inter-
scene relations. Lastly, visual and geometric features are embedded in the joint space resulting in combined
node embeddings, suitable for hypergraph propagation.

Both datasets have inherent contextual dependencies where inter-person connections depend not only
on the persons themselves but also on some common environment. Hypergraphs explicitly encode such
dependencies at the level of groups, and at the same time, the Mamba model provides context propagation
across hyperedges and images due to the selective state-space representation. These aspects allow for inferring
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multi-level relations involving both intra-scene and inter-scene interactions. Therefore, recognizing social
relations can be regarded as a proper benchmark problem for Graph-Mamba’s hybrid relational state-space
modeling method.

(2) HGM-SRR Model Architecture and Implementation Details

To provide additional insights into modeling hyper-relational reasoning, this research proposes the
structural arrangement of the HGM-SRR model, an approach that builds upon the foundational concepts
of Graph-Mamba models into higher-order relational scenarios. First introduced by Tang et al. [125], this
model serves as a case study in utilizing Mamba-inspired state space modeling strategies within hypergraphs.
As shown in Fig. 19, the HGM-SRR model consists of four main phases.
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Figure 19: Overall framework of the Hypergraph Mamba (HGM-SRR) (redrawn from [125]).

The pipeline uses a two-stage encoder for learning visual representations of detected people and objects,
mapping them into high-level vectors. The embedding vectors obtained through the cropping of people
and objects are further organized into hypergraphs, namely the Person-Person Hypergraph (PPH) and the
Person-Object Hypergraph (POH), which capture multipartite social relationships and scene semantics.

The core reasoning procedure operates on the aforementioned hypergraphs using the Hypergraph
Mamba (HGM). Fig. 19 shows the architecture of HGM with its internal sequential flow. The main compo-
nents of HGM include two special operators. First, the Vertex Selection Algorithm (VSA) selects necessary
nodes to avoid ambiguity in the reasoning caused by the similarity between the embeddings. Next, the
Vertex Interaction Operator (VIO) is applied to selectively scan vertices with the inspiration of the Mamba
architecture to capture the global dependency between vertices. Following VIO in the sequence, the output is
fed into a Hypergraph Convolution (HGC) layer. Finally, the structural information derived from hypergraph
reasoning will be merged into the visual representation via Multi-Level Transformer (MLT) to obtain
accurate relation predictions.

In summary, through combining hypergraph learning and state-space reasoning, the proposed method
goes beyond the standard pairwise relationships. The key idea of this paper is extending Mamba’s selective
propagation to hyper-relational graphs. As shown on Fig. 20.

This allows for efficient inference at the vertex level while ensuring consistency of information in
multi-hop and multi-type relationships, combining visual cues with structural reasoning when analyzing
social activities.
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Figure 20: Internal structure of the Hypergraph Mamba (HGM) reasoning module (redrawn from [125]).

4.3.2 Sequential and Collaborative Graphs for Recommendations

The success of sequential recommendations lies in the merging of user-item interactions with the effects
of changes in the behavior of users. Graph-based traditional recommendation systems do have ways of inte-
grating collaborative information within their system; nevertheless, they often fail in dealing with temporal
issues especially concerning the effects of changes in the history and strength of interactions. In contrast,
sequential recommendation methods consider user histories as disconnected sequences, disregarding the
complex relationship between users and items due to context sharing.

CIM-SR [126] uses the concept of heterogeneous interaction graph along with sequential state space
model using Mamba. This system combines collaborative and sequential information by considering them
not as separate things but together.

(1) Data Structure and Heterogeneous Graph Representation

A heterogeneous bipartite graph as shown in Eq. (28):
G=WU,L¢), (28)

where: U = {uy,uy,...,u,} represents users, Z = {iy,ip,...,i,} represents items (products, movies, or
services), and £ € U x 7 represents user—item interaction edges derived from implicit feedback.

The edge relation e,; is related to a chronological order t,; and has attributes including timestamp,
session ID (denoting temporal order), action type (such as click, add to cart, and purchase), and information
about the content (such as category, brand, and genre). By combining the above-mentioned aspects, one can
construct a time-aware heterogeneous graph where the edges not only represent the relationships between
users and items but also capture the dependence between sessions [132]. As shown in Table 12.

An interesting feature of these databases is that the users are not alone; instead, they create virtual groups
based on common interests in items. Eq. (29) describes the connectivity matrix between users, items, and
users:

1

Ay = ————,
T T | +1

(29)
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where Z,, denotes the set of items interacted with by user u. This forms a second-order graph that encodes
indirect user similarity, complementing the direct user-item interactions in the original bipartite graph.

Table 12: Dataset in heterogeneous and multi-relational Graph-Mamba research.

Dataset Items Users Actions Avg. Seq. Length Sparsity

Beauty 12,101 22,363 198,502 8.9 99.93%
Toys 11,924 19,412 167,597 8.6 99.93%

ML-1IM 3416 6040 999,611 165.5 95.16%

The final architecture takes the form of a heterogeneous multilayer graph, which consists of both user-
item and user-user subgraphs. In such a setting, the model can pass information not only through behavioral
sequences but also through collaborative relationships, thus keeping track of high-order preferences in
groups of similar users.

When it comes to sequential modeling, for every user, interaction data is split into context-aware
segments. Every segment s, corresponds to a subgraph G;,, representing the graph structure in terms of
user-item interactions for that specific time frame. It creates a link between the graph topological structure
and temporal order. Node representations are serialized for each session-graph, before being fed into the
Mamba model, according to interaction order.

(2) CIM-SR Model Architecture and Implementation Details

The CIM-SR architecture, shown in Fig. 21, integrates two complementary encoding views-a sequential
view and a collaborative graph view-connected via contrastive learning alignment.
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Figure 21: Structure of the CIM-SR model (redrawn from [126]).
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To build a global collaborative graph G = (V, E) from all the training sequences, we first make nodes
that stand for items and edges that show how often items appear together in user interaction histories. The
weight of the edge is inversely related to the distance between items, which measures how close they are
to each other. This graph combines behavioural data from around the world, which lets items with similar
interaction contexts share richer embeddings.

The Mamba-based encoder learns temporal relationships in each user sequence individually. The
Mamba framework ensures linear complexity by selectively updating states and preserving only the most
important historical context, an approach that diverges from the Transformer paradigm. Multiple Mamba
layers result in deep representations of sequential data, successfully capturing the dynamics of evolving
user preferences.

In CIM-SR, a local graph is created for each user sequence and message passing is performed using
LightGCN. In this manner, collaborative information that exists between user sequences can be learned.
CIM-SR uses contrastive learning to make the representations from the sequential and graph encoders
work together. Positive pairs are made up of representations of the same sequence from both views, while
negative pairs are made up of representations of different sequences. This alignment makes sure that
embeddings learned in different relational spaces stay semantically consistent, which makes them more stable
and generalisable.

Finally, we derive the representation of the sequence by merging the outputs from both the encoders
and then feeding the merged representation to the softmax prediction layer that finds out the highest
probability next element. The overall aim of the training process is to maximize both recommendation loss
and contrastive alignment loss.

In conclusion, the introduction of CIM-SR is vital for Mamba’s ability to solve sequential recommenda-
tion problems and collaborative recommendation problems. CIM-SR captures the temporal local behavior
alongside the global relational context via contrastive multi-view learning on global collaborative graphs. As
such, it provides more accurate predictions than Transformer-based methods with less computation time.

4.3.3 Knowledge Graphs and Textual Reasoning

Knowledge graphs (KGs) [133] and natural language form two modalities of machine reasoning:
KGs encode symbolic knowledge, while text encodes contextual and unstructured knowledge. The goal of
knowledge-based NLU is precisely to make use of this modality gap. But traditional approaches for GNN
reasoning over KGs often overfit to the neighborhood relational information, while conventional approaches
based on language models fail to ensure factual consistency in the process of inference [134-136].

In response to this problem, AdaptQA [127] proposes Graph-Mamba, which combines symbolic
reasoning from graphs with selective state-space propagation in language space to allow fusion of knowledge
and context when answering questions.

(1) Data Structure and Heterogeneous Graph Representation

The AdaptQA framework was evaluated on two large-scale, open-domain multi-hop question answer-
ing datasets, HotpotQA and WikiHop, both of which provide rich textual and relational information
suitable for constructing knowledge graphs. Rather than being treated solely as text corpora, these datasets
were transformed into structured relational graphs to enable effective reasoning through graph learning
modules. Table 13 presents key statistics for the two datasets.

The preprocessing stage of AdaptQA utilizes ReadOIE and DetIE frameworks to extract entities and
establish links among them in order to produce a triplet structure in the format of (subject, relation, object).
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Next, the triplets extracted during the preprocessing phase serve as input to generate a question-oriented
knowledge subgraph. Specifically, the subgraph involves nodes that represent entities present both in
the question and support, while edges denote relations between entities established through coreferences
and syntactic parsing. Edge weights, on the other hand, denote semantic similarity, calculated by the
RoBERTa encoder.

Table 13: Statistics and characteristics of the HotpotQA and WikiHop datasets.

Dataset Train Test Type Characteristic

Requires reasoning over multiple Wikipedia
HotpotQA [137] 90,447 7405 Multi-hop QA documents; includes bridge and comparison

questions.
N i Reading Com- Multi-seleFtive reading; tests entity lin'king
WikiHop [138] 43,738 5129 _ and relational reasoning across multiple
prehension

passages.

Thus, the graph incorporates not only explicitly mentioned Wikipedia relations but also latent semantic
connections allowing the model to conduct several reasoning hops while predicting the answer. Typically,
each sample involves a graph comprised of 20-40 entities and 50-100 relations, which is compact enough to
allow state-space reasoning while remaining relationally complete.

(2) AdaptQA Model Description

The AdaptQA system works through a series of steps in which knowledge acquisition, graph reasoning,
and language optimization are tightly integrated (as shown in Fig. 22). What makes this system different is
its treatment of graphs like HotpotQA and WikiHop. The AdaptQA model does not consider graphs to be
additional sources of background knowledge.
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Figure 22: Structure of the AdaptQA model (redrawn from [127]).

The AdaptQA model uses the Adaptive Retrieval Module in the first stage by setting the number of
hops based on the level of semantic complexity associated with each unique question. Contrary to static hop
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systems that end up truncating or duplicating information, the AdaptQA model ensures contextual integrity
of every entity relation. The context-aware update of the question embedding is achieved via contextual
attention with each reasoning hop, making sure that the retrieved subgraph becomes increasingly relevant
to the question semantics in every hop. After all hops, we obtain a question-specific knowledge subgraph
consisting of relevant entities and their relations in terms of the required logical reasoning pathway to
respond to the question.

In the second phase, the key component of the AdaptQA architecture is the Graph-Based Module
(GBM), which implements a reasoning process over a dynamically generated knowledge graph. The GBM
combines two techniques:

(1) A light-weight graph convolution operation, which captures the semantics from adjacent nodes.
Unlike other GCNs and GATs where propagation is constrained to a fixed number of steps, in the
GBM, node states can be updated based on adaptive propagation intensity, where the propagation
intensity is proportional to the semantic similarity score of the neighboring nodes computed during
knowledge extraction.

(2) Based on the Mamba selective-state model, the GBM uses a gate unit to filter out irrelevant information
from the node states. The node has an internal state vector, which selectively aggregates incoming
messages from its neighboring nodes, allowing long-term dependencies with linear computational
complexity to be modeled in a single pass through the graph.

In summary, combining the above two techniques allows the GBM to capture both local and global
structure in the graph while preventing over-smoothing. Moreover, the GBM is interpretable in nature, which
can visualize the reasoning process across hops and demonstrate dependencies between entities. This charac-
teristic cannot be achieved in previous Natural Answer Generation (NAG) architectures using transformers.

In the last phase, optimization of answers is done using Large Language Models (LLMs) where GPT-3 or
GPT-4 models are used for post-editing of the text generated using linguistic abilities. Through the few-shot
prompting method, grammatical and factual consistency and fluency of the textual output by the GBM are
improved without affecting the factual content inferred by reasoning in the previous steps. In each prompt,
an example containing the question, reasoning trace, and initial answer is included so that the LLM can
mimic human writing without compromising on logic.

All three phases above contribute to the creation of a pipeline where graph-based reasoning and
language generation techniques complement each other. Retrieval ensures semantic adequacy, inference of
interpretable graph-level representations is done by GBM, and LLM helps in enhancing expressiveness. By
doing so, factual and grammatical adequacy of answers have been improved.

4.3.4 Citation and Knowledge Networks

The process of transferring knowledge inside a scientific ecosystem is inherently based on the concepts
of graphs and time. Nodes, which include papers, authors, and journals, are interrelated in a multitude of
ways, including citations, collaboration, and similarity of topics. In other words, citation graphs are a good
case study that can be analyzed using the concept of heterogeneous and temporal graph analysis, where
temporal relations capture the process of creation, propagation, and evolution of knowledge over time. A
prime example of this type of research is EMK-KEN [128].

(1) Data Foundations: Multi-Entity and Multi-Relational Structures

To evaluate the generalizability of EMK-KEN on different citation networks, they have tested the
algorithm on ten citation networks, each representing a different type of citation pattern among domains
that include physics, computer science, biomedicine, and social sciences, as shown in Table 14,
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Table 14: Summary of cross-domain citation and knowledge networks.

Feature

Dataset Nodes Edges Dim Density Description/Domain
ACMHypertextECHT [139] 728 5326 771 0.3396 Hypertext conference
Oxytocin [140] 1467 86,535 770 0.3094 Biomedical
ACMIS [141] 16,148 128,027 768 0.3317 Management information systems
SNAP-HEP-TH [142] 27770 352,807 768 0.2813 High-energy physics (theoretical)
ALTEGRAD Challenge2021 [143] 100,336 2,633,688 768 0.2671 AT text-mining challenge dataset
OGBN-ArXiv [144] 169,343 1,166,243 128 0.3094 Open Graph Benchmark
Citation Networks-V12 [145] 4,894,081 45,564,149 769 0.1743 Large-scale cross-domain
DBLP-V13 [145] 5,354,309 48,277,950 768 0.1603 Computer science bibliographic
AMN (AI + ML + NLP) [144] 60,646 264,505 772 0.1362 AI-ML-NLP interdisciplinary
Biomedicine [140] 31,546 211,883 772 0.1110 Biomedical and bioinformatics subfields

To support the EMK-KEN model architecture, each data set is converted into a graph representation.
Here, each paper becomes a node in the graph, complete with its attributes, which consist not only of text
embedding vectors from specialized models such as SciBERT or MatSciBERT but also metadata including
the author, publishing venue, and publication year. Each citation relationship is denoted by a directed edge;
when dealing with cross-disciplinary datasets such as DBLP-V13, the weight of the edges is adjusted according
to the citations made to avoid any biases caused by well-cited individuals or journals.

Through this approach, the EMK-KEN model accurately maintains citation networks in both intra-
domain and inter-domain formats, thus enabling EMK-KEN to track knowledge dissemination channels
such as from AI to NLP or from physics to mathematics, consistent with the focus of the paper.

EMK-KEN additionally develops the Knowledge Quantification Index based on changes in graph
entropy. KQI (v;) considers both the in-degree of a node and the community centrality to determine how
much information a paper contributes to the graph-based information architecture. Distribution of the KQI
across the dataset reflects the evolution of knowledge development across different fields, where AI/ML
shows relatively high variation in KQI due to rapid innovations in these fields while biomedicine displays
steady growth and high KQI peak due to consistent knowledge building.

(2) EMK-KEN Model Description

EMK-KEN model, on the other hand, is a graph-sequenced based network architecture, which was
designed to calculate the worth of knowledge within a very large citation graph. The design combines
both the sequencing capabilities of Mamba and the non-linear capabilities of Kolmogorov Arnold Network
(KAN) [146]. This dual-branched approach is capable of calculating the worth of knowledge across different
academic disciplines. The original paper by the researchers [128], from which Fig. 23 shows the design of the
model, will provide further insight into the model.

The first stage involves the standardization of heterogeneous features of nodes using information
extracted both from metadata as well as the text-based embeddings. Considering that each node in terms
of papers can have high-dimensional and sparse features, the MetaFP module (as shown in Fig. 24) utilizes
linear transformations, normalization, and activation for increasing the feature density. Furthermore, relative
position embedding is also used in this module to retain the directionality of the citations and thus enable the
explicit modeling of the temporal sequence of citations. Therefore, this module acts as an interface between
the raw bibliometric data and the next steps.
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Figure 23: Structure of the EMK-KEN framework (redrawn from [128]).
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Figure 24: Structure of the MetaFP module (redrawn from [128]).

In the second phase, Mamba’s selective state space model (SSM) is employed for an efficient modeling
of the long-term dependencies in the citation graph. The node embeddings are viewed as elements in a
temporal-structural sequence representing citation flow propagation. By employing a gating scheme, MamST
can selectively update its internal state such that it can maintain important historical citations while ignoring
other non-relevant edges. Unlike the traditional attention schemes that are computationally expensive,
MamST can handle millions of nodes in linear time (O(N)). Thus, MamST serves as a dynamic memory
filter that simplifies huge citation graphs into concise knowledge flows.

In the third step, KAN acts as a nonlinear projection layer following sequential encoding. Using B-
spline adaptive activation functions instead of regular fully connected layers in the network, KAN provides
exact control over nonlinear mapping operations. This process avoids loss of minor structural changes in
the influence of knoswledge, a major drawback that arises using regular linear mappings. At the same time,
the KNU model utilizes dropout techniques and weight normalization for retaining training stability and
improving cross-domain accuracy. The outputs from MamST and KNU are then combined to create a
multiscale representation of the knowledge impact. Finally, a classification layer is employed to map the
multiscale representation to a Knowledge Quantification Index (KQI), quantifying the scholarly impact in
each case.

Architecturally speaking, EMK-KEN is based on the idea of extending the selective state space
framework of Graph-Mamba into the academic domain. This is done using the basic property of Mamba,
which is the propagation of information selectively. Since EMK-KEN’s internal state only changes due to
highly relevant structural/semantic input, the problem of smoothing and redundancy commonly observed
in conventional deep graph neural networks is naturally prevented by design.

The selective scanning of nodes and edges was initially conceived in Graph-Mamba to combine graph
topology with state-space models for dependency tracking. EMK-KEN uses the same notion in the academic
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domain where the nodes refer to actual papers and edges are the citation paths between them. Instead
of engaging in generic graph reasoning, EMK-KEN directly applies its selective-state mechanism to track
information propagation and calculate entropy within citation networks.

In conclusion, the paradigm shift heralded by Graph-Mamba manifests across a wide spectrum of phys-
ical, biological, and informational structures. To synthesize the architectural nuances and conceptual threads
developed throughout this section, Table A2 provides a comprehensive cross-domain taxonomy. By encap-
sulating node-edge semantics, core integration mechanisms, and domain-specific empirical advantages of
the 16 foundational models discussed, this matrix highlights the systemic scalability and mathematical
robustness of coupling state-space dynamics with complex graph topologies.

5 Discussion and Theoretical Integration
5.1 From Domain-Specific Observations to Unified Dynamics

In all the application studies in Chapter 4, Graph-Mamba is observed to be seamlessly combining graph
structures with dynamics processes. Although the studied areas cover a vast range of disciplines, the model
shows three consistent tendencies regarding its operation.

Firstly, the framework serves as an excellent filter of information. Instead of aggregating the information
from all neighbors regardless of the circumstances as most GNN models do, the gating of Mamba actively
controls the process. It is especially important in the case of spatiotemporal and citation networks since
tracking dependencies in such systems can be prone to noise if not controlled.

Secondly, the model does not require any additional mechanisms to operate at different scales. The
continuous development of the latent variable makes it possible to adapt to different hierarchical levels
naturally—for example, network modules or citation clusters. At its core, the model connects graph
convolution to dynamical systems by blending graph structure with time dynamics.

Finally, Graph-Mamba tightly binds semantics and structure in applications when both are present, such
as in case of biomedical ontologies and text or symbol-based graphs. The selective propagation of Mamba
aligns the meaning of nodes with physical connections, making the two properties grow in parallel in one
representation trajectory rather than separately. Graph-Mamba is an efficient mathematical framework for
structured data analysis. No matter if the system includes traffic networks or molecules, the mechanism stays
the same—stable, explainable, and flexible information transfer.

5.2 A Unified Framework for Structured Dynamical Learning

The cumulative insights from the preceding chapters substantiate a triadic theoretical framework that
underpins Graph-Mamba, as shown in Eq. (30):

Fou =(9,S,P), (30)

G represents the graph topology, which can be described in terms of structural prior information,
adjacency mappings, or relation schemes. S represents the state space representation, which consists of
continuous latent dynamics that evolve over time or contexts. P represents the propagation process, which
is governed by the dynamic gates g; € [0,1].

The triadic approach captures the two sides of the complex network structure, namely, the combinatorial
aspect of the graph edges and the dynamics of the evolution described by the recurrence relations developed
by Mamba. From a theoretical point of view, one of the major consequences of this approach is that the
graph learning problem can be viewed as a continuum process. If g; = 1 then Graph-Mamba becomes a static



52 Comput Model Eng Sci. 2026;148(2):6

message-passing algorithm that operates on a fixed graph. On the other hand, for g; = 0, Graph-Mamba
becomes a pure state-space dynamics problem without any restrictions on the graph topology.

This serves as an indication of the versatile nature of Graph-Mamba and its ability to be applied across
several different fields due to its flexibility towards levels of coupling between the relational aspect and the
dynamic aspects based on data characteristics.

In its essence, Graph-Mamba presents a coherent mathematical model that incorporates all three of
these elements into the process of structured dynamic learning. This triptych approach allows for the
incorporation of various models in one formal framework while providing one consistent way of looking at
dynamic modeling of graphs for future events.

5.3 Interpretability and Cross-Domain Generalization

The first advantage of Graph-Mamba is the high adaptability of its mechanism of information prop-
agation. Here the adjacency matrix of the graph dictates when the information may be propagated, while
Mamba gates dictate how much and to what degree. Therefore, the association between gating patterns and
influential elements becomes more apparent. The identification of the important elements in a complex
network becomes can be explored by relating connection states to Mamba gating patterns.

The adaptive gating mechanism of Graph-Mamba can support generalization across structurally diverse
graph-learning tasks. However, its robustness depends on factors such as graph density, dataset scale,
serialization strategy, and regularization. In particular, performance on extremely sparse or small-scale
graphs may be less reliable because selective state modeling can overfit limited structural information.

In terms of theory, this combination of interpretability and robustness reflects the “structural trans-
parency principle”: the more transparent and evident the propagation mechanisms of the network become,
the more stable and adaptable the network turns out to be. Explicit gating of the Graph-Mamba model acts
not only as a computational component of this method but also as a main connection between structural
transparency and robustness.

To summarize, the explicit treatment of spatial topological and temporal aspects of the data makes
Graph-Mamba models predictable and interpretable, while at the same time enables effective transfer of such
models to different domains without losing their semantic or structural consistency.

5.4 Limitations and Open Challenges

Despite the potential of Graph-Mamba, it is not a universal panacea. Researchers should carefully
evaluate the necessity of integrating Mamba based on graph characteristics, as simpler architectures are often
sufficient or even preferable under certain conditions:

(1)  Shallow and highly homophilous graphs (e.g., Cora, Citeseer): local aggregation in GCN/GAT is
competitive, and Mamba’s added complexity does not pay off.

(2) Lack of inherent sequential dynamics: forcing a 1D selective scan on static graphs may introduce
arbitrary inductive biases; permutation-invariant message passing or Graph Transformers may be
more natural.

(3) Extremely sparse and small-scale graphs: Mamba’s selective memory can lead to overfitting; lightweight
GNN s are more robust.

Even where Graph-Mamba is applicable, further optimization is required. Scalability remains a key
issue: although Graph-Mamba avoids the quadratic cost of self-attention, memory access and state updating
on highly dynamic graphs (e.g., social networks) must be carefully managed. Theoretical limitations also
persist—stability has only been shown empirically, not proven; currently Graph-Mamba is a heuristic
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algorithm, lacking convergence and energy conservation guarantees. Interpretability beyond the gating
mechanism needs more research: while activation maps provide local explanations, global causality (e.g.,
how long-range dependencies affect the system) requires new methods, such as Lyapunov dynamical
analysis or mutual information decomposition. Finally, evaluation methods must be standardised—current
preprocessing varies wildly across datasets, making fair comparison impossible. A common benchmarking
suite is imperative.

On the whole, these problems indicate that Graph-Mamba serves as a stepping stone, not a stopping
point. Its key contribution lies in both efficiency improvements and providing a platform for further
advancements.

5.5 Summary

In this chapter, all arguments revolve around one main idea: Graph-Mamba represents a generic
paradigm for structured dynamic learning. From physics to biology and to social settings, Graph-Mamba
proves that the heart of complex systems lies in the interaction among the graph, state spaces, and selective
propagation mechanisms. While the three principles represent the pillars of modern models, they provide
an integrated understanding of graph-based dynamic intelligence.

According to empirical findings, Graph-Mamba successfully reaches an optimum compromise between
local connectivity and global diffusion processes. By implementing selective gate mechanisms, Graph-
Mamba may reduce the propagation of task-irrelevant information through selective state updates. The
ability of Graph-Mamba to achieve good generalization over heterogeneous relational data stems from its
perfect balance between structure and dynamics.

From a theoretical perspective, the ternary framework provides a principled abstraction that integrates
discrete and continuous learning perspectives. Graph-Mamba transcends the binary opposition between
static representation learning and sequential dynamics by embedding combinatorial graph relations into
a continuous state space controlled by selectivity. It provides a mathematical model of an evolutionary
structure: a system that acquires relational geometry and transformational dynamics through unique
propagation laws.

The fact that the learned representations may offer useful interpretive cues in some scenarios, although
their consistency and causal validity remain to be established bears equal weight since it confirms Graph-
Mamba’s potential to function as a model of science rather than a collection of techniques used to perform
some specific tasks. Namely, Graph-Mamba allows for interpretation of its inner mechanisms since adjacency
propagation, gate operation, and state evolution are explicitly defined, thus becoming part of a wider context
of knowledge. As a result, Graph-Mamba becomes a modeling framework, moving beyond pure prediction
and towards explanations and consistency with scientific theories.

As discussed in Section 5.4, the area is still undergoing rapid development. There remain many
unresolved questions related to scalability issues, theoretical foundations, benchmarking, and consistency in
evaluation, hindering the development of Graph-Mamba as a generic framework for dynamical graph intel-
ligence. However, the problem of finding an acceptable trade-off between expressivity and interpretability
remains at the center of research.

6 Conclusions and Future Directions
6.1 Emerging Research Directions

The concept synthesis introduced here sets the stage for Graph-Mamba as a theoretical framework for
structured dynamical learning. Combining the topological information about a graph structure with the
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state-space description of dynamics lays the groundwork for developing models that can account for the
evolution of complex dynamical systems and their dependencies. Several potential future research directions
can be identified here.

First, there is an important need to combine Graph-Mamba with foundation models on a larger scale.
With the rise of general purpose models in the representation learning domain, future architectures may
experiment with the application of select state-space architectures in multimodal or even language models.
This will allow future developments to combine Graph-Mamba’s approach with symbolic and relational
learning as well as sequential data processing.

Another key point lies in the possibility of extending Graph-Mamba into a framework that includes
physical constraints on the learned model. Since Graph-Mamba models are dynamic by nature, it becomes
possible to learn models that account for any constraints arising from conservation laws or causal regularities.
This extension of Graph-Mamba will enable it to incorporate physics in its models.

The third approach would involve extending Graph-Mamba towards cross-domain and multimodal
learning. A possible direction in this respect would involve using visual, textual and numeric modalities
within the same relational state space, thereby enabling organization of diverse data types by using similar
principles of dynamics. This type of generalization seems especially applicable in fields like biomedical
imaging, bioinformatics, and social information systems, which experience cross-modal interactions.

Continuous and life-long graph learning seems to be a promising area for future research. The
mechanism of selecting gates used in Mamba could allow embedding concepts of adaptive memory into
Graph-Mamba models that will consistently perform regardless of transformations occurring in relations. In
other words, it may be possible to develop a model of Graph-Mamba as a dynamic system, whose structure
will change simultaneously with relation changes.

In general, it seems like the path lies towards a scalable, multi-modal, and theoretical approach to Graph-
Mambea. Future developments are expected not to lead to any improvements to accuracy or efficiency without
integrating all the knowledge gathered on Graph-Mamba in the previous studies. It is more sensible to build
upon already obtained results.

6.2 Methodological Challenges and Prospective Outlook

Even though the significance of Graph-Mamba is well understood, the implementation of Graph-
Mamba is still at its preliminary phase, exhibiting several methodological problems. For instance, problems
associated with scalability and efficiency continue to exist. With more graph-based data becoming available,
the balance between expressiveness and resource limitations will determine the practicality of large-
scale implementations.

Additionally, further theoretical research is necessary. Even though Graph-Mamba is capable of combin-
ing discrete graph representations with continuous state representations, stability, convergence, and control
have yet to be proven mathematically. Further studies must be conducted in order to determine when
selective propagation results in stability or interpretability.

Another limitation of Graph-Mamba concerns interpretability. Existing studies have provided prelim-
inary evidence that activation gates and state-propagation patterns may align with task-relevant structural
or semantic features. However, such observations remain largely correlational and do not establish causal
relationships or guarantee consistent semantic interpretability across applications. Therefore, Graph-Mamba
should be examined using broader interpretability frameworks that combine gate visualization with attribu-
tion analysis, perturbation tests, counterfactual evaluation, and domain-specific validation.
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Standardized benchmarking is still a practical yet important limitation. Studies have been performed
in different fields, but they present differences in relation to data set properties, performance measures, and
preprocessing steps. Diversity makes comparison impossible and hinders the process of synthesis, while the
implementation of community standards for testing dynamic graphs could provide better empirical grounds
for studying Graph-Mamba.

On the whole, one can conclude that both architectural and conceptual development should be taken
into account as essential factors in Graph-Mamba’s evolution. In particular, how the above issues will be
handled will determine if Graph-Mamba will become a theory of structured dynamical intelligence or just a
series of models for solving certain tasks.

6.3 Conclusions

Graph-Mamba represents an emerging direction in graph learning that connects graph-structured
representation with selective state-space modeling. Instead of treating graphs only as static collections of
nodes and edges, Graph-Mamba views relational data as structured systems whose hidden states evolve
under both topological constraints and input-dependent dynamics. In this sense, it provides a useful bridge
between graph-based reasoning and dynamical modeling.

Across spatio-temporal, biomedical, heterogeneous, geometric, and visual domains, existing studies
show that Graph-Mamba can adapt selective propagation to different graph semantics, data structures, and
task requirements. Its main value lies in combining local structural priors with long-range state evolution,
offering a potential balance among expressiveness, efficiency, robustness, and interpretability. However,
this advantage remains context-dependent and should be understood in relation to specific graph types,
serialization strategies, and evaluation settings.

This survey also has several limitations. First, the formal literature corpus is based mainly on WoS-
indexed SCI-EXPANDED and CPCI-S records, which provides a controlled and reproducible basis for
analysis but may underrepresent very recent preprints, conference-first studies, or works using alternative
terminology. Second, the review is organized primarily by representative application domains rather than
by a fully architecture-centered taxonomy. This choice reflects the current application-driven development
of Graph-Mamba, but it may not capture every fine-grained methodological distinction among graph types,
scanning strategies, serialization methods, and integration points. Third, this survey does not provide a
unified benchmark or leaderboard-style comparison of performance, model size, parameter count, memory
consumption, and runtime. The reviewed studies differ substantially in tasks, datasets, graph construction
methods, evaluation metrics, prediction horizons, and hardware settings, and many original papers do not
consistently report parameter size or computational cost. Therefore, cross-model comparison is discussed
qualitatively where available rather than presented as a direct ranking.

More broadly, Graph-Mamba suggests that graph learning can be interpreted as a process of controlled
structural evolution. This perspective may extend beyond the current Mamba architecture to other state-
space or dynamical operators that preserve the principle of selective propagation on structured data. Future
research may therefore move from model-specific designs toward more general frameworks for topology-
aware state evolution.

In summary, Graph-Mamba is important not because it replaces existing GNNs, Transformers, or
recurrent models, but because it highlights a new way of thinking about structured learning. It emphasizes
that complex relational intelligence may arise from the interaction between topology, dynamics, and selective
control. This makes Graph-Mamba a representative step toward future models that integrate graph structure
with dynamic state-space reasoning.
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Appendix A
Table Al: Relevant data sources.
Dataset Links
. https://drive.google.com/file/d/16xbiRvh5j]x2A4Swv9dEMEz_
Common Traffic and Mobility Datasets YOAE0QTM /view

Milan Cellular Traffic Dataset

NTU RGB+D 60/120 [72]
UAV-Human [73]
NW-UCLA [74]
Davis [95]
KIBA [96]
BindingDB [97]

MNDR 4.0 [93]/piRDisease v1.0 [94]
BVFC and BVFC-MEG [98]
ADHD-200 [99]
TUH-EEG [100]

MPI-EEG [101]

HCP (Mental States) [102]
CHB-MIT [103]
Siena EEG Dataset [104]
ABIDE-I [105]

BRACS
TCGA-NSCLC
TCGA-RCC
CAMELYONI16
LVCM (Left Ventricle Cine-MRI)
BTCV
Amazon Datasets
MovieLens-1M
People in Photo Albums (PIPA)
People in Social Context (PISC)

https://dataverse.harvard.edu/dataset. xhtml?persistentld=d0i:10.7910/

DVN/UTLAHU
https://rosel.ntu.edu.sg/dataset/actionRecognition/
https://github.com/sutdcv/UAV-Human
https://www.kaggle.com/datasets/akshayjain22/n-ucla
https://github.com/hkmztrk/DeepDTA/tree/master/data/davis
https://github.com/hkmztrk/DeepDTA/tree/master/data/kiba
https://www.bindingdb.org/rwd/bind/index.jsp
http://www.rnadisease.org/
https://things-initiative.org
https://fcon_1000.projects.nitrc.org/indi/adhd200/
https://isip.piconepress.com/projects/nedc/html/tuh_eeg/
https://fcon_1000.projects.nitrc.org/indi/retro/MPI_LEMON/
downloads/download_EEG.html
https://www.humanconnectome.org/study/
https://physionet.org/content/chbmit/1.0.0/
https://physionet.org/content/siena-scalp-eeg/1.0.0/
https://fcon_1000.projects.nitrc.org/indi/abide/abide_I.html
https://bracs.icar.cnr.it/
https://portal.gdc.cancer.gov/projects/TCGA-LUAD
https://portal.gdc.cancer.gov/projects/TCGA-KIRC)
https://camelyonl6.grand-challenge.org/
https://competitions.codalab.org/competitions/17094
https://www.synapse.org/!Synapse:syn3193805
http://jmcauley.ucsd.edu/data/amazon/
https://grouplens.org/datasets/movielens/Im/
https://exposing.ai/pipa/
https://zenodo.org/records/1059155
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