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Abstract—Human Action Recognition (HAR) has seen
significant advancements with Graph Convolutional Networks
(GCNs), which effectively model skeletal motion dynamics.
In this work, we propose a novel HAR framework that
integrates GCNs with an Adaptive Adjacency Matrix for
spatial modeling and the Mamba State Space Model (SSM)
for temporal feature extraction. This hybrid approach aims
to balance accuracy and efficiency. It does so by leveraging
the structural expressiveness of GCNs for spatial modeling,
while harnessing the sequential modeling power of Mamba-
SSM for temporal dynamics. The central goal of this
paper is to evaluate GCN-Mamba against our own
previous model, ImpSGN (Improved Semantic-Guided
Network), with a specific focus on reducing model complexity
while preserving recognition accuracy. GCN-Mamba
achieves competitive performance with an approximately
72% reduction in parameter count (from 4.0 M to 1.1 M),
making it a lightweight yet effective architecture. Our
findings highlight the trade-offs between accuracy and
efficiency in HAR models and demonstrate the potential of
state-space modeling in skeletal action recognition. The code is
publicly available on GitH
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I. INTRODUCTION

Human Action Recognition (HAR) plays a crucial role
in various applications, including surveillance, healthcare
monitoring, and human-computer interaction [1]. Among
the different modalities used for HAR, skeleton-based
methods have gained significant attention due to their
robustness against background clutter and viewpoint
variations.

Graph Convolutional Networks (GCNs) have proven
highly effective in modeling skeletal dynamics for Human
Action Recognition (HAR) by capturing spatial dependen-
cies between joints [2] [3]. Unlike traditional convolutional
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or recurrent approaches, GCNs leverage the natural graph
structure of the human skeleton, allowing the model to
learn meaningful representations of motion patterns and
interactions between body parts [4]. However, conven-
tional GCNs often rely on static or predefined adjacency
matrices, which may not fully capture the dynamic nature
of skeletal movement. To address this limitation, recent
advances have explored adaptive adjacency matrices [S],
enabling the model to learn and update the connectivity
of joints based on the observed motion, thereby enhancing
flexibility and robustness in spatial modeling. In GCN-
Mamba, this adaptation is computed per frame and per
input sequence: the edge weight between any two joints
is derived directly from their feature representations at
each time step, meaning the graph topology is re-estimated
dynamically at inference time rather than being fixed
during training or shared across samples.

At the same time, temporal modeling in HAR has
evolved beyond recurrent architectures like LSTMs and
GRUs, which suffer from vanishing gradients and high
computational costs. Transformers have emerged as a
powerful alternative, but their quadratic complexity limits
efficiency, particularly in real-time applications. Recently,
State Space Models (SSMs), such as Mamba-SSM [6]]
[7], have gained traction due to their ability to model
long-range dependencies with linear complexity. Mamba-
SSM leverages selective state-space filtering and gating
mechanisms, making it highly efficient for sequential
tasks like HAR. By integrating GCNs with an adaptive
adjacency matrix for spatial learning and Mamba-SSM for
temporal sequence modeling, our approach aims to strike
a balance between accuracy and efficiency, addressing key
challenges in HAR while significantly reducing computa-
tional overhead.

In this work, we propose a novel HAR framework that
combines GCNs with Adaptive Adjacency Matrices for
spatial modeling and Mamba-SSM for temporal modeling.
Unlike traditional GCNSs, our approach dynamically learns
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Fig. 1: Architecture of the proposed end-to-end GCN-
Mamba model, featuring a single stream composed of
multiple spatio-temporal GCN-Mamba blocks. The Embed
module captures joint dynamics by combining the position,
velocity and bone information.
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head, ..., foot

the connectivity between joints, improving adaptability.
Furthermore, Mamba-SSM provides an efficient alterna-
tive to transformers for capturing long-term temporal
dependencies in human motion sequences. The primary
objective of this paper is to benchmark GCN-Mamba
directly against our prior model, ImpSGN, and to quan-
tify the accuracy—efficiency trade-off. While GCN-Mamba
achieves 0.1% lower accuracy on CS and 0.4% lower
on CV compared to ImpSGN, it reduces the parameter
count by approximately 72% (from 4.0 M to 1.1 M).
This trade-off is practically significant: in real-world HAR
deployments such as wearable health monitors, embedded
surveillance systems, and mobile human-computer interac-
tion, model size and inference latency are often the binding
constraints. A model that preserves over 99% of the accu-
racy of its predecessor while cutting memory requirements
by nearly three quarters is far more deployable in such
settings, without requiring specialised hardware or model
compression post-processing.

The key contributions of this paper are summarized as
follows:

« We introduce a novel HAR framework that integrates
GCNs with Adaptive Adjacency Matrices for dy-
namic spatial modeling and Mamba-SSM for efficient
temporal modeling.

e« We conduct a direct comparative analysis between
GCN-Mamba and our previous model ImpSGN,
yielding three concrete insights: (i) replacing a CNN-
based temporal module with Mamba-SSM achieves
approximately 72% parameter reduction (from 4.0
M to 1.1 M) at negligible accuracy cost (-0.1%
CS, -0.4% CV); (ii) identical FLOPs and inference
latency confirm that this reduction comes from archi-
tectural compactness rather than computational short-
cuts; and (iii) the performance gap closes further on
the larger NTU RGB+D 120 benchmark, suggesting
that Mamba-SSM’s long-range temporal modeling
scales better with dataset complexity than the CNN-
based alternative.

o We demonstrate that GCN-Mamba’s compact archi-
tecture makes it a viable solution for deployment
in resource-constrained environments—such as em-
bedded systems, wearable devices, and mobile plat-
forms—where the 4.0 M-parameter ImpSGN would
be impractical, without requiring model compression
or hardware acceleration.

The remainder of this paper is organized as follows.
Section [ reviews related work on GCN-based HAR and
state-space sequence models. Section [[1l| presents the pro-
posed GCN-Mamba architecture in detail, describing the
multi-input processing, embedding module, adaptive GCN
with semantic integration, and Mamba-SSM temporal
module. The experimental setup, datasets, and comparative
results on NTU RGB+D 60 and NTU RGB+D 120 are
reported in Section including the ablation study and
efficiency analysis. Section [V] concludes the paper and
outlines directions for future work.
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II. RELATED WORK

Human Action Recognition (HAR) has been extensively
studied using both handcrafted feature-based approaches
and deep learning techniques. Recent advancements pri-
marily focus on learning spatial and temporal represen-
tations from skeletal data, where Graph Convolutional
Networks (GCNs) and Sequence Models have played a
pivotal role.

Graph Convolutional Networks in HAR: GCNs have
demonstrated significant success in HAR by efficiently
modeling the skeletal structure as a graph, where joints
act as nodes and bones as edges. Early works, such as
ST-GCN [4], [8], leveraged predefined adjacency matrices
to encode spatial relationships. However, fixed topologies
limit adaptability to dynamic movements. To overcome
this, adaptive adjacency matrices have been introduced,
allowing the model to learn spatial connections dynami-
cally based on movement patterns [9]]. Recent approaches,
including EfficientGCN [10] and MSG3D |[11], further
optimized spatial modeling by incorporating multi-scale
graph operations. Our prior work, ImpSGN, improved
upon these strategies by integrating semantic priors into
GCN-based spatial modeling, enhancing interpretability
and robustness.

Advances in Sequence Modeling for HAR: Traditional
temporal modeling in HAR primarily relied on Recurrent
Neural Networks (RNNs), including LSTMs and GRUs,
to capture motion dynamics [12]. However, these models
suffer from gradient-related issues and inefficiencies when
handling long-range dependencies. Transformers emerged
as an alternative, offering superior temporal modeling
via self-attention mechanisms [|13]]. Nonetheless, their
quadratic complexity in sequence length remains a bot-
tleneck for real-time applications. Recently, State Space
Models (SSMs), such as Mamba-SSM [6], have gained at-
tention due to their ability to model long-range dependen-
cies with linear complexity. Unlike self-attention, SSMs
rely on selective gating and efficient recurrence, making
them computationally attractive for sequence-based tasks.
Recent works have further explored the landscape of HAR
methods from both application and survey perspectives,
providing broader context on the evolution of deep learn-
ing techniques in this field [|14]], [|15].

Integrating GCNs with SSMs for HAR: While pre-
vious research has explored GCNs for spatial modeling
and sequence models for temporal learning [16], limited
work has investigated the synergy between GCNs with
adaptive adjacency matrices and Mamba-SSM for HAR.
Our proposed approach bridges this gap by combining
the strengths of learnable graph structures with efficient
sequence modeling. This hybrid framework aims to bal-
ance accuracy and efficiency, reducing parameter overhead
while maintaining competitive performance.

III. SEMANTIC-GUIDED NETWORK WITH MAMBA
STATE SPACE MODELS

In this section, we present GCN-Mamba, a semantic-
guided Graph Convolutional Network (GCN) enhanced

with Mamba State Space Models (SSM), as illustrated in
Fig. {1} This model integrates semantic information with
spatial-temporal modules to improve the understanding
of human body dynamics. As an extension of ImpSGN,
GCN-Mamba refines spatio-temporal feature extraction
through specialized GCN-Mamba blocks, enhancing ac-
tion recognition performance.

The proposed architecture processes multi-modal skele-
tal inputs (including position, velocity, and bone data)
offering a more comprehensive representation of motion
patterns. The backbone consists of a sequence of GCN-
Mamba blocks that selectively emphasize spatial and tem-
poral features, refining them before passing the extracted
representations to a classification module for final predic-
tions.

Trained in an end-to-end manner, GCN-Mamba
achieves performance comparable to ImpSGN while sig-
nificantly reducing model complexity. With a lightweight
design and efficient computation, it delivers strong accu-
racy while being well-suited for deployment in resource-
constrained environments.

A. Multi-input Processing

Previous studies [3], [[17] emphasize that preprocessing
is crucial for skeleton-based action recognition. In this
work, we group the input features into three main types:
joint positions, motion velocities, and finally the bone
features.

A 3D action sequence is represented as P =
p € RIin*TinxKin  \where K, is the coordinate dimen-
sion (X, Y, Z), J;,, is the number of joints (e.g., foot, head),
and Tj,, is the number of frames. Relative joint positions,
denoted by P,;, are calculated with respect to the center
spine joint (c):

sle, s, (1

where s[i,:,:] and s[c,:,:] are the coordinates of the i-th
joint and the center spine joint. The joint position input is
then obtained by combining P and P,;.

Motion velocities describe how joints move between
frames and are obtained by:

fvelr = s[5, t+2,:] — s[:, ¢, 1],
Uvel,t = S[5, ¢+ 1,2 — s, ¢,
fver,t © PrimeVec,

DPrel; = S[lv 5 :] -

2

f pvel,t =
Upvel,t = Vyel,t © PrimeVec.
Here, fye1 and vy denote fast and slow velocities, while

fovel and vyl are the same velocities scaled element-wise
(®) by PrimeVec, a vector of the first .J;,, prime numbers.

Bone features are represented by lengths
Len = len;li=1,---,J;, and angles Ang =
ang;li =1, , Jin, computed as:

len; = sli, 2] — sliagj, 53],
leng q,

). @

ang, ,, = arccos (
2 2 2
\/leni . +leni, +len; .
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Fig. 2: The input data in this visualization illustrates four feature types: (a) the motion velocities, (b) the 3D bone
angles and lengths, (c) the relative joint positions, and (d) the prime-scaled velocities. (Best viewed in color.)

where i,4; is the neighboring joint of the i-th joint, and
w corresponds to one of the 3D coordinates (x, y, z). An
illustration is provided in Fig. 2}

B. Embedding

In a 3D coordinate system, a joint is described by
three main inputs: its position P (original and relative),
its velocities (including fast fye, Slow wvye, and their
prime-scaled versions fpvel, Upvel), and its bone features B
(lengths Len and angles Ang). These inputs are encoded
into a shared high-dimensional space Hj; ,, where the
embeddings of position P, velocity Vel, and bone features
B are combined by summation:

Hjvgy = Pjogy +Veljor, + Big, 4)

where, ki is the dimension of the joint representation
in this high-dimensional space. For example, the position
embedding P is produced using two fully connected (FC)
layers:

Pinnerj‘t,k,/ = RGLU(Wl-Pj,t,k + b1)7

5 )
Pj7t,k1 = ReLU(W2Pinnerj’tyk/ + b2>

here W, € R¥ X(3%2) and W, € RF** are the weight
matrices that map the input through an intermediate size
k' and then to the target dimension k1. Bias vectors by, by
are added, and ReLU() is the rectified linear activation.
Velocity and bone features are embedded in the same way.

C. Adaptive GCN with Semantic Integration

To effectively capture the correlations among joints in
skeletal data, it is essential to employ Graph Convolutional
Networks (GCNs). Traditional GCN-based approaches de-
fine joints as nodes and pre-establish graph connections
(edges) using prior knowledge [4]]. More recently, adaptive
graph methods have emerged, allowing content-driven
learning of graph structures [9]]. In this work, we adopt
the latter approach while integrating joint-type semantics,
similar to [5]], to enhance feature learning. We represent
a skeleton frame as a graph with V' nodes, corresponding
to V joints. Each joint type j at frame ¢ is expressed as a
joint representation Z; ¢ 1, encapsulating both dynamic and
semantic characteristics. The joint representation consists

of a series of elements, denoted as zj;; through zy i,
formulated as {Z 1 x = (21,6, ks s 2V,t.k) }-

Following previous works [9]], [18], [[19]], in the embed-
ded space, the edge weight between the i*" and j*" joints
within the same frame is computed based on their feature
similarity:

Aiy5) = 0(zie) D(254), (6)

where 6 and ¢ are transformation functions imple-
mented using fully connected (FC) layers: 6(x) = Wiz +
bs and ¢(z) = Wyx + by.

By computing affinities across all joint pairs, we derive
an adjacency matrix 4; € RY*Y. To ensure stability
and numerical robustness, we apply row-wise SoftMax
normalization, following prior works [19]], [20]], yielding
the normalized adjacency matrix G;. This ensures that
the sum of all edge weights connected to any given node
equals 1. Message passing is then conducted via a residual
graph convolutional layer:

Yi = G, Z,W,,

. (7)
ZF =Y, + Z,W..

Here, W, and W, are trainable transformation matrices,
shared across temporal frames to maintain parameter effi-
ciency. The output representation Z; can be further refined
by stacking multiple residual GCN layers while preserving
the adjacency structure GY.

To further enhance feature expressiveness, we incor-
porate semantic information related to the frame index.
Using the same encoding approach as in Equation [5] we
derive the frame index embedding f}t,;@ € R¥2, The joint
representation is then enriched by integrating this semantic
information:

5 z 5 k
Zjt =250+ fitks, 2 ER™ (8)

where Z;+ denotes the final semantically enriched joint
representation.

This semantic augmentation allows the model to dis-
tinguish temporal variations more effectively while main-
taining a structured spatial representation. Finally, we can
visualize the skeleton-based action recognition in the form
of attention maps, as shown in Fig. 3]
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Kicking something -

Fig. 3: Evolution of joint-specific attention across succes-
sive GCN-Mamba blocks. The visualization shows how
the model’s focus shifts and sharpens on different skeleton
joints. Attention magnitude is depicted by circle size, and
a continuous color map (light to dark) encodes the precise
attention weights.

D. Mamba State Space Model for Temporal Modeling

To enhance temporal modeling in Human Action Recog-
nition (HAR), we integrate the Mamba State Space Model
(SSM) into our framework. Traditional recurrent archi-
tectures like LSTMs and GRUs suffer from vanishing
gradients and inefficient long-range dependencies, while
Transformer-based approaches incur quadratic complexity
due to self-attention. To address these limitations, we
adopt Mamba-SSM, which achieves linear complexity
while effectively capturing long-range dependencies using
state-space transitions.

The Mamba model propagates temporal information
through the following discrete-time state-space formula-
tion:

Ti+1 = Az + By, y = Cuxy, 9

where z; represents the latent state, w; is the input
skeletal feature, and y; is the output representation. The
learned matrices A, B, and C govern state transitions
and feature transformations, allowing for an efficient and
compact representation of temporal dependencies.

To further refine sequence modeling, Mamba incorpo-
rates selective gating, dynamically filtering relevant fea-
tures through the update rule:

hy = U(qut) O] (Aht_l + Wuut), (10)

where W and W, are learnable weight matrices, and
o is the sigmoid gating function (distinct from the ReLU
activation used in the embedding layers). This mecha-
nism enables Mamba to adaptively suppress redundant
information, improving robustness against noise in motion
sequences.

By replacing traditional attention mechanisms with ef-
ficient state-space modeling, Mamba-SSM offers several
advantages:

« Linear time complexity (O(T)) instead of quadratic

(O(T?)).

o Stronger long-range dependencies with optimized
state propagation.

« Lower memory usage and improved scalability for
variable-length skeletal motion data.

In our framework, GCNss first extract spatial dependen-
cies using an adaptive adjacency matrix, and the resulting
joint features are processed by Mamba-SSM for temporal
modeling. This hybrid approach, combining graph-based
spatial learning with state-space-driven temporal model-
ing, ensures efficient and accurate action recognition while
significantly reducing parameter count.

Advantages Beyond Computational Efficiency: Al-
though Mamba-SSM is often highlighted for its linear
computational complexity, its advantages in our frame-
work extend significantly beyond efficiency considera-
tions. First, the selective state-space mechanism enables
adaptive propagation of information across the entire tem-
poral sequence, effectively providing a global receptive
field. This allows the model to capture long-range tempo-
ral dependencies that are difficult to model with fixed-
kernel temporal convolutions. Second, unlike attention-
based mechanisms that incur quadratic memory and com-
putational growth with sequence length, Mamba preserves
linear complexity while still maintaining global context
modeling capability. This makes it particularly suitable
for long skeleton sequences without the instability or
memory overhead associated with self-attention. Finally,
the continuous-time state-space formulation underlying
Mamba provides a principled and stable mechanism for
long-horizon sequence modeling. Such stability is crucial
in skeleton-based action recognition, where discrimina-
tive motion patterns may span extended temporal inter-
vals. Therefore, the integration of Mamba-SSM in GCN-
Mamba is motivated not only by efficiency, but also by its
superior capability to model global, long-range, and stable
temporal dynamics.

Comparison with Transformer-Based Temporal Mod-
els: To put these advantages in concrete terms, consider
a sequence of T frames processed by a self-attention
Transformer versus Mamba-SSM. A Transformer com-
putes a full 7' x T attention matrix, resulting in O(T?)
time complexity and O(T?) memory growth. For T =
20 frames (as used in our setting), this remains man-
ageable; however, the quadratic growth becomes a hard
constraint in longer sequences or higher-frequency inputs
encountered in real-time deployment. Mamba-SSM, by
contrast, processes the sequence recurrently through a
fixed-size latent state x;, maintaining O(7T') time and
O(1) memory with respect to sequence length — the
state size is constant regardless of how many frames have
been processed. In practice, this translates to lower peak
memory consumption during inference, which is critical
for deployment on memory-constrained hardware such as
embedded processors or wearable devices. Furthermore,
because Mamba-SSM does not require the full sequence to
be held in memory simultaneously (unlike attention, which
must attend over all past tokens), it supports streaming
inference naturally — processing each new frame as it ar-
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TABLE I: Performance comparison of GCN-Mamba with
state-of-the-art methods on NTU 60 (CS, CV bench-
marks).

Method CS (%) CV (%)
HBRNN-L 59.1 64.0
Part-Aware LSTM 62.9 70.3
ST-LSTM + Trust Gate 69.2 71.7
STA-LSTM 73.4 81.2
GCA-LSTM 74.4 82.8
Clips+CNN+MTLN 79.6 84.8
VA-LSTM 79.4 87.6
ElAtt-GRU 80.7 88.4
ST-GCN 81.5 838.3
DPRL+GCNN 83.5 89.8
SR-TSL 84.8 924
HCN 86.5 91.1
AGC-LSTM (joint) 87.5 93.5
AS-GCN 86.8 94.2
GR-GCN 87.5 94.3
Is Shift-GCN 87.8 95.1
2s-AGCN 88.5 95.1
VA-CNN 88.7 94.3
SGN 89.0 94.5
SAGN 89.2 94.2
ImpSGN (previous work) 89.7 95.0
GCN-Mamba (ours) 89.6 94.6

TABLE II: Performance comparison of GCN-Mamba with
state-of-the-art methods NTU 120 (C-Subject and C-
Setup).

Method C-Subject (%) C-Setup (%)
Part-Aware LSTM 255 26.3
ST-LSTM + Trust Gate 55.7 57.9
GCA-LSTM 583 59.2
Clips+CNN+MTLN 58.4 57.9
Two-Stream GCA-LSTM 61.2 63.3
RotClips+ MTCNN 62.2 61.8
Body Pose Evolution Map 64.6 66.9
SGN 79.2 81.5
Is Shift-GCN 80.9 83.2
SAGN 82.1 83.8
GCN-Mamba (ours) 82.1 83.8

rives without recomputation. This property is particularly
valuable for real-time HAR applications where frames
are received continuously and low-latency response is
required. The 1.1ms inference latency reported in Table |II]
reflects these properties: GCN-Mamba matches the latency
of ImpSGN despite replacing its temporal module with one
capable of modeling longer temporal dependencies.

IV. EXPERIMENTS

In this section, we assess the performance of our pro-
posed model through extensive evaluations on the large-
scale NTU RGB+D 60 and NTU RGB+D 120 datasets
[21]], [22]. The results, presented in Tables [l and
compare our approach against a range of existing methods,
including CNN-based, LSTM-based, and GCN-based ar-
chitectures, highlighting the advancements brought by our
model.

A. Datasets

1) NTU RGB+D 60: In this work, we employ the NTU
RGB+D 60 dataset, a large indoor collection introduced
by [21]]. The recordings were made using Microsoft Kinect
v2 sensors, which capture four modalities: RGB videos,
depth maps, infrared (IR), and 3D skeletons. For our

TABLE III: Model Complexity and Efficiency Compari-
son.

Method CS (%) CV (%) Params (M) FLOPs (G) Inference (ms)

ImpSGN (previous work) 89.7 95.0 4.0 1.2 1.1
GCN-Mamba (ours) 89.6 94.6 1.1 1.2 1.1

experiments, only the skeleton data are used. The dataset
contains 56,880 action sequences performed by 40 par-
ticipants, covering 60 action categories. These categories
are organized into three groups: health-related actions,
daily activities, and interactive actions. Each skeleton is
represented by 25 joints, described by their 3D coordinates
(x, y, z). To evaluate models, two benchmark splits are
provided:

a) Cross-Subject (CS): The 40 actors are divided into
training and testing groups, resulting in 40,091 training
samples and 16,487 test samples.

b) Cross-View (CV): Sequences from cameras 2 and 3
(37,646 samples) are used for training, while those from
camera 1 (18,932 samples) form the test set.

2) NTU RGB+D 120: The second dataset used in
this study is NTU RGB+D 120, which is currently the
largest indoor dataset for skeleton-based human action
recognition (HAR) [22]]. It extends NTU 60, increasing
the total number of videos to 114,480, performed by 106
subjects. These subjects are evenly split into training and
testing groups (53 in each). The action categories have also
been expanded from 60 to 120. Two official evaluation
protocols are provided:

a) Cross-Subject (CSub): The participants are split into
two groups, one for training (63,026 sequences) and the
other for testing (50,919 sequences).

b) Cross-Setup (CSet): The division is based on differ-
ent camera viewpoints (distance and height), resulting in
54,468 training samples and 59,477 test samples.

It should be noted, following [22]], that 535 sequences
are missing in the dataset and must be excluded from all
experiments.

B. Implementation Details

1) Network settings: In our design, we use an embed-
ding dimension of 64, with independent weights assigned
for velocity, position, and bone distance features (i.e.,
no weight sharing). The skeleton input has the shape
N: batch size, C: number of channels, V (or J). 25
joints, 7: 20 frames. Initially, the input channels are C=3,
corresponding to the x, y, and z coordinates. After applying
multi-input processing, the number of channels increases
to C = 3 x 2, since two sets are generated for each feature
type. The adaptive adjacency matrix G; is defined with
size 25 x 25. The GCN-Mamba block is configured with
an input dimension of 128 and an output dimension of 512.
For the classification stage, the first convolutional (CNN)
layer is set with 512 filters and a temporal kernel size
of 3, while the second CNN layer uses 512 filters with
a kernel size of 1. Throughout the network, we employ
batch normalization, dropout, and nonlinear activations
including Softmax, ReLU, and Hardswish.
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2) Training settings: The model was trained using
the PyTorch framework on a single Tesla V100s GPU
provided by the university cluster (CCUB). We adopted
the Adam optimizer with an initial learning rate of 0.001.
The learning rate was reduced by a factor of 10 at epochs
60, 100, and 120, and training was completed after 140
epochs. To maintain compatibility across GPUs, the batch
size was fixed at 64. For classification, we used cross-
entropy as the loss function. In addition, label smoothing
with a factor of 0.1 was applied to improve generalization
during training.

C. Comparison with Existing Methods

In this section, we compare GCN-Mamba with pub-
lished methods on the NTU RGB+D 60 and NTU RGB+D
120 datasets. Results are summarised in Tables [[l and
The primary axis of comparison is our own prior model,
ImpSGN; results against the broader literature serve to
contextualise GCN-Mamba within its architectural family.

Table [I] shows that GCN-Mamba improves over the
original SGN model [5] by 0.6% on CS and 0.1% on
CV. This improvement stems directly from replacing the
fixed skeleton graph of SGN with an adaptive adjacency
matrix, which allows the model to learn data-driven joint
correlations rather than relying on predefined anatomical
connections, and from substituting the CNN-based tem-
poral module with Mamba-SSM, which captures longer-
range dependencies at linear rather than quadratic com-
plexity. When compared to prominent CNN-based and
RNN-based methods such as Clips+ CNN+MTLN [23]] and
EIA1t-GRU [24], GCN-Mamba achieves 10% and 8.9%
higher accuracy on the CS benchmark, respectively. These
gains reflect the fundamental limitation of CNN and RNN
architectures in jointly modeling spatial graph structure
and long-range temporal dynamics — a limitation that
the GCN-Mamba spatio-temporal block is specifically
designed to address.

GCN-Mamba demonstrates superior performance over
approaches such as SR-TSL [17] and ST-GCN [4], both of
which rely on fixed graph topologies for spatial model-
ing. This advantage is consistently observed across both
the CS and CV benchmarks, highlighting the benefit of
adaptive graph topology learning. Compared to ImpSGN,
GCN-Mamba achieves 0.1% lower CS accuracy and 0.4%
lower CV accuracy, a marginal deficit that must be read
alongside Table GCN-Mamba reduces the parameter
count by approximately 72% (from 4.0M to 1.1M) while
maintaining identical FLOPs (1.2G) and inference latency
(1.1ms). This confirms that the Mamba-SSM temporal
module replaces a heavier architecture at no computational
cost, with only negligible impact on accuracy.

On the NTU RGB+D 120 dataset, GCN-Mamba
matches the best results in our comparison, tying with
SAGN at 82.1% (C-Subject) and 83.8% (C-Setup), as
shown in Table|lll Relative to the original SGN model [5],
GCN-Mamba achieves improvements of +2.9% on C-
Subject (79.2% — 82.1%) and +2.3% on C-Setup (81.5%
— 83.8%). This result is particularly meaningful: it

demonstrates that the accuracy—efficiency trade-off ob-
served on NTU RGB+D 60 generalises to a dataset with
twice the number of action categories and a significantly
larger subject pool, suggesting that the adaptive graph
and Mamba-SSM components scale well with dataset
complexity.

D. Ablation Study

To quantify the individual contributions of the two
major components of GCN-Mamba — the adaptive ad-
jacency matrix and the Mamba-SSM temporal module
— we conduct a systematic ablation study on the NTU
RGB+D 60 dataset under the Cross-Subject (CS) and
Cross-View (CV) protocols. We define five model config-
urations, summarized in Table by selectively enabling
or disabling each module.

Impact of the adjacency matrix strategy: Compar-
ing States 1 and 2 isolates the effect of replacing the
predefined skeleton graph (ST-GCN style [4]) with our
learned adaptive adjacency matrix. The adaptive variant
achieves gains of +1.19% on CS and +0.79% on CV,
confirming that data-driven topology learning captures
joint relationships more effectively than a fixed anatomical
graph. This improvement is consistent across both single-
module (States 1 vs. 2) and full-model (States 4 vs. 5)
settings, where the adaptive adjacency matrix provides a
+1.15% CS and +0.43% CV advantage when combined
with Mamba-SSM.

Impact of the Mamba-SSM temporal module: State 3,
which uses only the Mamba-SSM module without any
GCN spatial processing, yields significantly lower ac-
curacy (CS: 76.36%, CV: 79.63%). This result demon-
strates that Mamba-SSM alone, operating on raw joint se-
quences, lacks the structured spatial inductive bias needed
for skeleton-based HAR, and therefore requires GCN-
extracted spatial features as input to be effective. When
Mamba-SSM is added to the predefined-adjacency GCN
(State 1 — 4), accuracy increases by +0.64% CS and
+0.46% CV. Similarly, adding Mamba-SSM to the adap-
tive GCN (State 2 — 5) yields a further gain of +0.6% CS
and +0.1% CV, establishing the full GCN-Mamba model
(State 5) as the best-performing configuration.
Complementarity of both components: The ablation
results reveal a clear complementarity between spatial and
temporal modeling. The adaptive adjacency matrix is the
dominant contributor to spatial accuracy, while Mamba-
SSM provides consistent, additive temporal gains on top of
it. Crucially, neither component alone reaches the accuracy
of their combination: State 5 outperforms all partial con-
figurations, confirming that the synergy between adaptive
graph convolution and state-space temporal modeling is
the key driver of GCN-Mamba’s performance.

E. Comparison with ImpSGN and Discussion of Novelty

ImpSGN achieved strong performance on the NTU
RGB+D benchmarks, reporting 89.7% (CS) and 95.0%
(CV) on NTU 60. These results established ImpSGN as a
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TABLE IV: Ablation study: contribution of each major component on NTU RGB+D 60. CS: Cross-Subject; CV:

Cross-View. v'indicates the component is active.

State Predefined Adj. Adaptive Adj. SSM-Mamba | CS (%) CV (%)
1 v 87.81 93.71
2 v 89.0 94.5
3 v 76.36 79.63
4 v v 88.45 94.17
5 (GCN-Mamba) v v 89.6 94.6

competitive and efficient skeleton-based action recognition
model.

Our proposed GCN-Mamba further advances this line of
research by introducing a Mamba-based sequential model-
ing mechanism within the graph convolutional framework.
This design enhances long-range temporal dependency
modeling while maintaining a lightweight architecture.
Performance on NTU 60: On NTU 60, GCN-Mamba
achieves 89.6% (CS) and 94.6% (CV), which remains
competitive with ImpSGN and other state-of-the-art graph-
based methods. Although the accuracy is comparable, the
key advancement of GCN-Mamba lies in its architectural
efficiency and modeling capability rather than marginal
accuracy gains. Model Efficiency and Compactness: A
major contribution of GCN-Mamba is its reduced model
complexity. Compared to ImpSGN (4.0M parameters),
GCN-Mamba requires only 1.1M parameters (see Ta-
ble [III), representing a reduction of approximately 72%
in model size. Despite this substantial compression, GCN-
Mamba maintains competitive recognition performance.

Furthermore, the computational cost (FLOPs) remains

comparable, while inference latency is preserved, demon-
strating that the proposed Mamba-enhanced graph mod-
eling improves parameter efficiency without sacrificing
effectiveness.
Novelty and Contribution: Unlike ImpSGN, which re-
lies on structured graph convolution and spatial grouping
mechanisms, GCN-Mamba integrates selective state-space
modeling to better capture long-range temporal dynamics.
This hybrid design enables:

e More compact parameterization,

« Improved temporal dependency modeling,

o Competitive accuracy with significantly fewer param-

eters.

These results demonstrate that GCN-Mamba achieves
a superior accuracy—efficiency trade-off, validating the ef-
fectiveness of incorporating Mamba-based sequence mod-
eling into skeleton-based action recognition frameworks.

V. CONCLUSION

In this work, we introduce a compact yet highly ef-
ficient end-to-end model for human action recognition
from skeleton data, leveraging a combination of Graph
Convolutional Networks (GCNs) and State Space Models
(SSMs) with integrated semantic information, such as joint
type and frame index. At the heart of our approach lies
the GCN-Mamba spatio-temporal block, which effectively
captures spatial dependencies among joints within indi-
vidual frames using GCNs, while temporal relationships

across frames are modeled through the Mamba SSM,
treating the set of joints in each frame as a unified entity.
The incorporation of semantic features further strengthens
the representational power of the GCN. The primary goal
of this work is to demonstrate a compelling accuracy—
efficiency trade-off when comparing GCN-Mamba directly
to our prior model, ImpSGN. GCN-Mamba remains within
0.1% CS and 0.4% CV of ImpSGN on NTU RGB+D 60,
ties with the best comparison model on NTU RGB+D
120 (SAGN, 82.1%/83.8%), and achieves this with ap-
proximately 72% fewer parameters (1.1M vs. 4.0M). This
substantial reduction in model complexity at negligible
accuracy cost underscores GCN-Mamba’s suitability for
deployment in resource-constrained real-world environ-
ments.
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