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Abstract—Human activity recognition using millimeter-wave
radar point clouds has emerged as a promising visual privacy-
preserving sensing paradigm, transitioning from multi-domain
Doppler analysis to point cloud-based methods for richer spatial
information. However, existing approaches face critical challenges
in modeling temporal dependencies between consecutive frames
and simultaneously capturing both local geometric structures
and global spatial relationships. To address these challenges,
we propose STPM (Spatial-Temporal Point Mamba), a novel
framework that extends traditional State Space Models through
three key innovations: (1) a bidirectional selective mechanism
that captures comprehensive temporal dependencies while main-
taining linear memory complexity, (2) a queue-based temporal
processing strategy with theoretical guarantees for preventing
error accumulation, and (3) a hierarchical grouping strategy
that effectively models both local geometric details and global
spatial contexts. Through extensive evaluations on RadHAR and
MM-Fi datasets, STPM achieves state-of-the-art performance
with 98.14% and 95.69% accuracy respectively, while reducing
memory consumption by 35% compared to transformer-based
alternatives. Extensive experiments demonstrate its effectiveness
in distinguishing semantically similar but functionally distinct
motions.

Index Terms—Point Cloud, Human Activity Recognition,
Millimeter-Wave (mmWave)

I. INTRODUCTION

Human activity recognition using millimeter-wave
(mmWave) radar has emerged as a promising visual
privacy-aware sensing solution. The mmWave provides
rich spatiotemporal information while enabling all-weather
operation [1]. Recently, many researchers have provided
advanced solutions, which have shifted from multi-domain
Doppler analysis to point cloud-based methods for more
comprehensive three-dimensional spatial information in
complex motion analysis [2]-[5].

The evolution of point cloud processing has advanced
through deep learning architectures and multi-modal fusion [6]-
[8]. While Transformer-based architectures have shown promise
in capturing global relationships in point-cloud sequences [9]—
[11], they face significant computational challenges due to
quadratic memory complexity when processing long sequences
of radar point clouds. Recent progress in sequential modeling
through State Space Models (SSMs) [12], [13] offers potential
alternatives. They provide an important solution to save re-
sources used. However, the evolution of point cloud processing
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for mmWave radar data faces two critical challenges in activity
recognition. First, existing methods exhibit limited capability
in modeling temporal relationships between consecutive radar
frames, which significantly impacts their ability to distinguish
subtle motion patterns that differ primarily in their temporal
execution. Second, current approaches lack effective mecha-
nisms to simultaneously capture both local geometric details
and global spatial contexts, which is crucial for recognizing
semantically similar actions with different functional purposes.
These limitations particularly affect rehabilitation monitoring
and daily activity assessment applications.

To address these challenges, we propose STPM, a novel
framework that seamlessly integrates spatial and temporal
modeling for mmWave radar point cloud sequences. Our
approach extends the traditional SSM architecture through three
key innovations that directly target the identified challenges: (1)
a bidirectional selective mechanism that effectively captures
temporal dependencies across consecutive frames, enabling
detailed temporal pattern analysis, (2) the temporal processing
strategy guarantees for preventing error accumulation in long
sequences, crucial for maintaining stable temporal feature
extraction, and (3) the grouping strategy that systematically
captures both local geometric structures and global spatial
relationships at multiple scales, facilitating the recognition of
functionally distinct but structurally similar motions.

The primary contributions of this work can be summarized
as follows:

« We introduce a novel spatial-temporal framework with
theoretical guarantees, STPM, which demonstrates the im-
portance of preserving temporal coherence through queue-
based processing for model stability and performance.

o We demonstrate an architecture design that effectively
distinguishes semantically similar actions across different
domains by capturing both fine-grained kinematic patterns
and high-level functional differences.

o We achieve state-of-the-art performance on both RadHAR
and MM-Fi datasets, with significant improvements in
distinguishing fine-grained motion patterns.

Extensive experiments on RadHAR [2] and MM-Fi [14]
demonstrate STPM superior accuracy and robustness in dis-
tinguishing semantically similar actions, while using memory
more efficiently compared to Transformer-based alternatives.
Our framework exhibits particular strength in challenging



scenarios requiring precise motion pattern recognition, from
daily activities to rehabilitation exercises, with comprehensive
ablation studies validating each component’s contribution.

II. RELATED WORK

Point Cloud-based Human Activity Recognition: Point
cloud-based methods [15]-[17] have emerged as a promising
approach to human activity recognition, demonstrating superior
performance in capturing fine-grained spatial information
compared to traditional approaches [18], [19]. Pioneering works
like PointNet++ [20] established fundamental architectures
for processing raw point cloud data while maintaining per-
mutation invariance. Recent advances have extended these
foundations through various temporal modeling strategies,
including RNN-based architectures [21] and 4D convolu-
tions [22], to effectively capture spatio-temporal relationships.
In the context of mmWave radar sensing, the evolution from
traditional multi-domain Doppler analysis to point cloud-
based methods represents a significant paradigm shift [1].
While early approaches [23]-[28] struggled to capture fine-
grained spatial information necessary for complex motion
analysis, recent point cloud-based methods [2], [4], [5], [29]—
[32] have demonstrated promising capabilities in providing
richer three-dimensional representations of human motion.
Recent works [3], [11], [33] have shown that Transformer-
based architectures excel at capturing global relationships in
point-cloud sequences. However, these models face significant
computational challenges due to their quadratic complexity in
sequence length, particularly when processing long trajectories
of radar point clouds.

Mamba for Point Cloud Sequences: Inspired by State Space
Models (SSMs), researchers have developed architectures [34]-
[36] that achieve linear computational scaling for sequence
processing, addressing the quadratic complexity challenge
faced by traditional attention-based approaches [9], [10].
While Mamba [12] architecture successfully extended SSMs
to handle discrete and information-dense data through its
selective mechanism, the absence of positional information
due to the removal of attention mechanisms poses challenges
for position-sensitive data processing. Vim [37] addressed
this limitation in the visual domain by reconstructing self-
attention through sequential injection of visual information.
Similarly, PointMamba [13] established element interactions
in unstructured point cloud data through spatial reordering,
effectively combining selective state spaces with unordered
data. While these approaches have shown promising results,
they still lack the exploration of temporal coherence in
sequential point cloud data. This limitation becomes particularly
pronounced in mmWave radar applications, where maintaining
temporal relationships between consecutive frames is crucial
for accurate activity recognition. Direct application of existing
SSM architectures to mmWave radar point cloud sequences
presents unique challenges, especially in maintaining temporal
consistency while processing sparse and noisy data streams.

[II. METHOD
A. SSM with Temporal Dynamics

The Mamba [12] architecture leverages the SSM to capture
temporal dependencies in sequential data. We extend the tradi-
tional SSM framework by incorporating a dynamic selective
mechanism, making it particularly suitable for processing
temporal point cloud sequences from mmWave radar. The
fundamental continuous-time state space formulation of our
model is given by:

dx(t)
dt
where z(t) € R? represents the state vector and u(t) de-
notes the input vector. For a point cloud sequence S =
{Py, Py, ..., P,} where P, € RM*3 the state matrices A(A(t))
and B(A(t))xz(t) are dynamically adjusted by the selective
parameter A(t), computed as:

= A(A@®))z(t) + B(A(#))u(d), (M
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where o denotes the sigmoid function, and WA and ba
are learnable parameters. This selective mechanism enables
our model to focus on salient temporal dependencies while
maintaining computational efficiency. For discrete-time imple-
mentation, we employ:

Tiy1 = A(At)xt -+ B(At)ut (3)

Our theoretical analysis shows this formulation maintains
bounded state transitions under the selective mechanism, with
the accumulated state transformation satisfying: || ®] <
M 'ytfl, where M is a bounded constant and v < 1 ensures
stability. Furthermore, we prove that for consecutive point
clouds, the temporal coherence satisfies D(P;, P,—1) < ¢,
where D represents the Chamfer distance and € bounds the
natural sampling variation, ensuring stable feature extraction.

The stability of our selective mechanism is further guaranteed
through a Lipschitz analysis. For the feature extraction function
g(P) and selective mechanism A;, we establish:

D(g(P), 9(Pi—1)) < LyD(Py, Pi—1),
D(Ay, A¢—1) < LaD(9(Pt), 9(Pr—1)),

“
(&)

where L, and L are respective Lipschitz constants. These
bounds, combined with our temporal coherence constraint, yield
a compound Lipschitz constant K = La L, that ensures the
selective mechanism remains stable during sequence processing.
This theoretical framework demonstrates that our approach
effectively captures temporal dependencies while preventing
error accumulation in the state space representation.

B. Our Method Framework

Data Processing: A key challenge in millimeter wave radar-
based activity recognition is the sparsity and noise in individual
point cloud frames. To address this, we propose a temporal
aggregation strategy that combines consecutive frames while
maintaining temporal coherence. As shown in Fig. 1(a), let
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Fig. 1: Overview of the STPM for mmWave radar-based human activity recognition. (a) Preprocessing with FIFO queue-based
temporal management for frame aggregation. (b) Spatial points sequence serialization through hierarchical grouping and
multi-axis organization. (¢) STPM architecture featuring parallel forward-backward selective SSM layers for temporal modeling.
The framework processes mmWave point cloud sequences into discriminative features for human activity classification.

W € RT*P*3 denote the entire point cloud sequence, where
T represents the temporal dimension and P the number of
points per frame. Following the temporal coherence principle
established in § III, we process this sequence through a queue
@ that implements the first-in-first-out (FIFO) mechanism.
@ manages segments {S7,.52,- - ,5;}, where each segment
S; € R((FP)x3) aggregates k consecutive frames into a unified
point cloud representation.

Spatial Points Sequence Serialization: Given an input point
cloud sequence P € RM*3 with M points, we propose a
hierarchical grouping strategy to capture both local geometric
structures and global spatial relationships. We partition the
point cloud into n groups G = {G1, G, ..., G, } using Farthest
Point Sampling (FPS) for center points selection and k-Nearest
Neighbors (KNN) for local patch construction. For each group,
we compute center embedding ¢, : R — R? and position
embedding ¢, : R¥*3 — RN*4 (o capture global and
local information respectively. The final group representation
combines these embeddings:

Gi = ¢c(ci) + MLP(¢,(G})). (©6)

The grouped features are then serialized along each spatial axis
and concatenated:

F = Concat[Sort,(G), Sort, (G), Sort (G)], (7)

where Concat is the function to concatenate.

Spatial-Temporal Point Mamba: integrates forward and
backward selective SSM layers in a complementary architecture,
specifically designed for the unique characteristics of radar
point cloud sequences. As shown in Fig. 1(c), the STPM
processes input features through three parallel pathways. These
operations are combined through:

Y = LN(F + FEN(Forward(F) + Backward(F))),  (8)

where Forward() and Backward() denote the selective SSM
operations in respective directions, and FFN() is a feed-forward
network with SiLU activation. This bidirectional structure offers
two key advantages:

o Comprehensive Temporal Modeling: The forward SSM
layer captures causal relationships, while the backward
SSM layer models reverse temporal dependencies, provid-
ing a complete understanding of temporal dynamics.

« Efficient Feature Integration: The parallel processing
nature maintains computational efficiency while expanding
the model’s receptive field.

Our comprehensive ablation studies (§ IV-D) demonstrate
that each component of the STPM framework contributes
meaningfully to the overall performance, with the complete
architecture achieving optimal results through effective integra-
tion of spatial and temporal modeling.

1V. EXPERIMENTAL RESULTS
A. Dataset and Implementation Details

Dataset: In order to comprehensively evaluate the perfor-
mance and generalization ability of the proposed method,
this study uses two representative mmWave radar point cloud
datasets: RadHAR [2] and MM-Fi [14]. The RadHAR dataset
comprises 71.6 minutes of training data (12,097 samples) and
21.4 minutes of testing data (3,538 samples), covering five
fundamental human activities: boxing, jumping jacks, jumping,
squatting and walking. Each sample contains a sequence of
point cloud frames captured by a Texas Instruments IWR1443
mmWave radar sensor. The MM-Fi dataset presents a more
challenging evaluation scenario due to its diverse activity types
and complex environmental conditions. It contains more than
320,000 frames of multimodal data collected from 40 subjects
in four different environments. It contains 27 different daily
and rehabilitation movements, including stretching exercises,
chest expansions, twisting motions, and lunging activities.
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Fig. 2: Ablation studies and analysis of architectural design choices. (a) GPU memory usage comparison with Transformer-base
model, showing the efficiency with increasing number of point patches. (b) Impact of training set size on model accuracy,
showing robustness to reduced training data. (c) Performance with varying sequence sizes, demonstrating consistent accuracy
across different frame configurations. (d) Impact of temporal coherence on recognition accuracy.

TABLE I: Comparison with state-of-the-art methods, where S.
and T. denote spatial and temporal respectively.

Dataset | Method Encoding Strategy Accuracy (%)
RadHAR [2] S.&T. 90.47
m-Activity [4] S.&T. 93.25
RadHAR [2] Combined DA [38] S.&T. 93.29
Point-BERT [9] S. 96.90
Dual GVPC [39] S. 97.61
STPM (Ours) S.&T. 98.14
. TENT [40] S. 88.10
MM-FiT141 | STpM (Ours) S.&T. 95.69

These datasets represent different application scenarios and
environmental conditions, which can effectively verify the
robustness of the model.

Implementation: This study was conducted on a Linux
platform, leveraging Python for implementation and employing
PyTorch as the framework for model development. The experi-
mental setup featured 2x Intel Xeon Gold 5415+ processors
alongside 2x NVIDIA RTX A5500 GPUs. STPM encoder
comprises two independent Mamba blocks (12-layer spatial
mamba block and 10-layer temporal mamba block), each
featuring a 384-dimensional hidden layer. To enhance model
robustness, a drop path rate of 0.3 was established.

B. Detailed Recognition Performance Analysis

1) Preference Comparison: Our comprehensive evaluation
demonstrates the effectiveness of STPM across multiple metrics
and datasets. It achieves state-of-the-art performance with
98.14% and 95.69% accuracy on the RadHAR and MM-
Fi dataset respectively, substantially outperforming existing
approaches across different encoding strategies in Table 1. This
improvement primarily stems from our bidirectional selective
mechanism, which effectively captures both temporal dynamics
and spatial features. The performance gain is particularly
pronounced in complex motion recognition tasks, where
conventional spatial-only approaches exhibit limitations in
distinguishing subtle movement variations.

In terms of computational efficiency, our experimental results
illustrated in Fig. 2 (a) demonstrate STPM’s advantages over
transformer-based architectures [9] when processing point cloud

sequences. At 512 point patches, STPM achieves reducing
memory consumption by 35% compared to transformer-based
alternatives. This efficiency gain, though more modest than
in previous state space models due to temporal dependency
processing and sparse mmWave data characteristics, effectively
balances computational efficiency with temporal coherence
preservation necessary for accurate activity recognition.

2) Similarity Semantics: The confusion matrices depicted
in Fig. 3 reveal STPM’s superior capability in differentiating
semantically similar actions. Notably, in the challenging MM-
Fi rehabilitation exercise recognition task, our model achieves
97.3% accuracy in distinguishing between left and right-
hand movements (A13/A14), demonstrating its effectiveness in
capturing fine-grained motion patterns. This granular discrim-
ination ability validates our temporal coherence preservation
strategy and holds significant implications for practical rehabili-
tation monitoring applications where precise motion assessment
is crucial.

3) Overview: This comprehensive analysis validates that
our architecture achieves state-of-the-art performance in hu-
man activity recognition while maintaining efficient memory
utilization. Quantitative evaluation through confusion matrices
analysis reveals the model’s effectiveness in discriminating
semantically similar actions. The combination of superior ac-
curacy, fine-grained motion discrimination, and computational
efficiency positions STPM as a promising solution for visual
privacy-aware human activity monitoring systems.

C. Architectural Design Analysis

To validate our theoretical framework and key innovations in
temporal coherence modeling, we conduct a systematic analysis
of our architecture design through three critical dimensions:
data efficiency, temporal receptive field, and model scalability.
The experiments provide empirical evidence supporting our
architectural choices while revealing important insights about
the model’s behavior.

On the data efficiency front, our model demonstrates strong
data efficiency in Fig. 2 (b), achieving 95.83% accuracy on
RadHAR with only 20% of training data and improving to
98.1% at 80%. The model shows different scaling characteris-
tics on MM-Fi, reaching optimal performance of 95.69% at
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Fig. 3: Confusion Matrices of (a) RadHAR dataset, (b) MM-Fi dataset.

60% data utilization before experiencing slight performance
degradation, likely due to the dataset’s larger sample size and
higher complexity compared to RadHAR. In addition to data
efficiency, Fig. 2 (c) shows robustness to temporal block size
variations, maintaining performance with accuracy variations
within 2% across block sizes from 5 to 20 frames on both
datasets. This stability to hyperparameter changes suggests the
model’s intrinsic robustness in temporal feature extraction.
The interaction between spatial and temporal components
reveals optimal configurations aligning with our theoretical
predictions. The diminishing returns beyond 12 spatial blocks
confirm our analysis of bounded state transitions, while the
sensitivity to temporal block count validates our emphasis on
temporal coherence preservation. Most importantly, the superior
performance of the complete architecture (98.14% on RadHAR)
compared to spatial-only (90.03%) or temporal-only (89.33%)
variants empirically proves the necessity of our integrated ap-
proach to spatiotemporal modeling. This architectural analysis
not only validates our theoretical framework but also provides
practical insights for deploying Mamba-based architectures
in real-world activity recognition applications. The results
demonstrate that our design choices effectively balance model
capacity, computational efficiency, and recognition accuracy
while maintaining the critical property of temporal coherence.

TABLE II: Ablation study on model components.

Spatial Block ~ Temporal Block  Random Sequence  Accuracy (%)
X v X 89.33
v X X 90.03
v v v 97.05
v v X 98.14

D. Ablation Studies

To systematically validate the effectiveness of each proposed
component, we conduct comprehensive ablation studies on
the RadHAR dataset. Our first experiment examines the
interaction between spatial and temporal blocks. As shown
in Table II, using either spatial blocks (90.03%) or temporal
blocks (89.33%) alone results in substantially degraded per-
formance compared to our complete architecture (98.14%).
This significant performance gap reveals the complementary
nature of spatial-temporal feature extraction - spatial blocks
capture local geometric patterns while temporal blocks model
motion dynamics, and their integration enables holistic activity

understanding. When shuffling sequence instead of our tem-
poral coherence preservation strategy, the accuracy drops to
97.05%. This degradation suggests that maintaining temporal
relationships is crucial for distinguishing subtle motion patterns
that differ primarily in their execution order.

TABLE III: Performance of different serialization.

X-axis  Y-axis  Z-axis  Accuracy (%)
v X X 97.64
v X 97.15
X v X 95.36
X v v 97.01
X X v 96.45
v X v 96.91
v v v 98.14

We further examine our multi-axis serialization strategy
through different axis combinations, as presented in Table III.
Single-axis serialization (X-axis: 97.64%, Y-axis: 95.36%, Z-
axis: 96.45%), while providing reasonable performance, cannot
fully capture the complete spatial relationships in 3D motion
patterns. The optimal performance (98.14%) is achieved only
when combining all three axes, empirically demonstrating that
comprehensive spatial modeling across multiple perspectives is
essential for accurate motion recognition. This finding aligns
with our theoretical analysis that effective activity recognition
requires both detailed spatial feature extraction and robust
temporal coherence preservation.

V. CONCLUSION

This papaer presented STPM, a novel framework for
mmWave radar point cloud sequence processing that effectively
integrates spatial and temporal modeling through bidirectional
selective mechanism and queue-based temporal processing.
Our comprehensive experiments on RadHAR and MM-Fi
datasets demonstrate superior performance in distinguishing
semantically similar actions while maintaining computational
efficiency. The theoretical guarantees and empirical results
establish STPM as a promising solution for visual privacy-
aware human activity recognition, though challenges remain
in handling extremely sparse point clouds and multi-person
scenarios. Future work could focus on extending the framework
to address these limitations while maintaining its computational
advantages.
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