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Abstract— Wi-Fi sensing technology has advanced to the
point where it can reconstruct 3D human meshes, offering a
low-cost and privacy-preserving paradigm for human action
recognition. However, existing methods for processing these
meshes typically rely on dense vertices spread across the entire
body to maintain recognition accuracy. This approach imposes
a heavy computational burden, making it difficult to deploy in
resource-constrained WiFi edge devices. Our work presents an
in-depth analysis of vertex distribution in these approaches. We
find that the informational value of vertices is not uniformly
distributed across the body. Based on this, we propose the
ARISE framework, which introduces a two-stage optimization
strategy. First, we address the inherent complexity of the human
anatomy. We recognize that body parts with fine motor details,
like the hands and torsos, require a higher density of vertices to
be accurately represented. Our selective down-sampling method
is therefore designed to strategically preserve more vertices in
these critical regions while reducing them elsewhere. Second,
we introduce a dynamic, motion-aware weighting mechanism.
For any given action, different body parts contribute unequally
to the movement energy. Our framework learns to identify the
high-energy parts and focus more on them during recognition.
We proposes a energy-based mixture of experts (MoE) in which
each body part is processed by a lightweight CNN expert. A
learned motion-aware gate estimates part energy over time
and sets the expert weights so inference focuses on the parts
that drive the action. This dual approach ensures that we not
only start with a more strategic, anatomy-aware distribution
of points, but also dynamically focus on the most expressive
body parts as an action unfolds. Extensive experiments validate
our approach. Critically, we are the first to demonstrate
that ARISE achieves state-of-the-art accuracy on resource-
constrained edge platforms like the NVIDIA Jetson TX2, while
reducing computational overhead by more than an order of
magnitude. This confirms the practical feasibility of on-device
mesh-based action recognition with Wi-Fi sensing.

I. INTRODUCTION

Action recognition is crucial for applications like interac-
tive systems, behavior analysis, and home monitoring, which
benefit from detailed 3D motion representation. However,
traditional methods relying on cameras, radar, or LiDAR
face significant practical limitations. They require expensive,
sparsely deployed hardware, are susceptible to occlusions,
and often raise serious privacy concerns. Conversely, Wi-Fi
sensing directly addresses these limitations. It utilizes exist-
ing, low-cost networks for broad coverage, overcoming the
hardware and deployment barriers [36]. Its signals penetrate
obstacles like walls, thus eliminating reliance on line-of-
sight [1]. Furthermore, it enhances privacy by design, as
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it functions without capturing any identifiable visual data,
making it ideal for various environments.

However, translating this detailed 3D motion representa-
tion into practical applications on Wi-Fi devices presents
a significant challenge. These detailed representations often
take the form of high-resolution 3D meshes [5], [37], [43].
Recognizing a single action requires processing a sequence
of these meshes over time, and with each mesh typically
containing thousands of vertices (e.g., 6,890 in an SMPL
model [34]), the computational and memory load quickly
becomes impractical for resource-constrained edge devices.

A seemingly natural solution is to first downsample
the mesh to a smaller set of vertices, and then feed the
reduced data into a model for action recognition. Many
existing approaches follow this general strategy, typically
using Farthest Point Sampling (FPS) to globally select a
few hundred vertices from each mesh [16], [41], [42],
[45]. However, despite the reduced input size, the models
adopted—such as the hierarchical transformer architecture
in STMT [45], which applies inter- and intra-frame atten-
tion—remain computationally expensive. As a result, this
pipeline still poses significant challenges for deployment on
resource-constrained devices.

To address this issue, we propose the ARIiSE approach,
which reduces computational overhead by more than an
order of magnitude while maintaining higher accuracy than
state-of-the-art methods at the same frame rate under equal
or lower per-frame vertex counts. This enables practical
deployment of mesh-based action recognition on resource-
constrained devices, including radar and LiDAR systems.

The key insight of ARiSE is that certain body parts,
such as the hands and torsos, play a more critical role
in achieving high accuracy for action recognition tasks.
Conventional mesh down-sampling techniques, such as FPS,
treat the mesh globally, often preserving an excessive number
of vertices in less informative regions like the abdomen
while underrepresenting crucial areas such as the hands (as
shown in Figure 1, third row). However, different actions
require varying levels of granularity. For example, large-
scale motions such as walking or jumping can be effectively
recognized with just a few vertices, whereas fine-grained
actions like drinking or writing require detailed hand and
arm movements for accurate distinction. If these regions
are insufficiently represented, the model may fail to capture
subtle yet crucial details, leading to degraded performance.
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Fig. 1: Comparison of different down-sampling methods
on six action sequences: Wearing Earbuds, Walking and
Pointing. The second row shows the original SMPL mesh
with 6,890 vertices, the third row displays results using
global FPS, and the fourth row presents segmentation-based
FPS. The fifth row shows segmentation-based FPS with
highlight body part with the highest motion energy. ARiSE
successfully preserved more vertices in certain body parts
(i.e. hands) and accurately highlighted the body part with
the highest motion energy for different actions.

To fix this, our first step is a segmentation-based sampling
strategy. As illustrated in the fourth row of Figure 1, this
method partitions the mesh by body parts and strategically
allocates more vertices to inherently complex regions, creat-
ing an efficient and structurally-informed baseline.

However, segmentation-based down sampling alone is
insufficient. A model might naturally learn to ignore a
body part represented by fewer vertices, even if that part
is central to the action (e.g., the leg gesture in “walking”).
To solve this, our second step is an energy-based MoE [28]

framework. In this design, we treat each body part as
a specialized “expert,” processed by its own lightweight
convolutional neural network (CNN). A central, motion-
aware gating module then learns to analyze the movement
and estimate the motion energy of each part over time.
This gate assigns computational weights to each expert,
functioning as a dynamic attention mechanism. As visualized
by the highlighted regions in the final row of Figure 1,
this forces the model to focus its resources on the most
expressive parts of the body as the action unfolds. This
MOoE architecture ensures that even sparsely sampled but
critical regions receive the computational focus they need
for accurate recognition.

To validate our approach, we conduct extensive experi-
ments on public benchmarks (BABEL, NTU RGB+D 60)
and our own self-collected Wi-Fi sensing dataset. The results
demonstrate that ARIiSE not only achieves state-of-the-art
accuracy but does so while reducing computational overhead
by more than an order of magnitude. Critically, we are the
first to demonstrate this level of performance on severely
resource-constrained edge platforms like the NVIDIA Jetson
TX2. This confirms the tangible feasibility of deploying
high-fidelity, on-device mesh-based action recognition using
Wi-Fi sensing.

Our key contributions are three-fold:

+ We propose ARISE, a novel, two-stage framework that
solves the critical trade-off between accuracy and ef-
ficiency in mesh-based action recognition, making it
practical for on-device deployment.

e We design a dual-optimization strategy that combines
(1) an anatomy-aware, segmentation-based sampling
method to preserve structural details with fewer points,
and (2) an MoE architecture where a learned gate
dynamically allocates moreon the most expressive body
parts during an action.

« We provide the first conclusive evidence of a mesh-
based action recognition model achieving state-of-the-
art accuracy on real-world, resource-constrained edge
hardware, demonstrating a greater than 10x reduction
in computational cost.

II. RELATED WORK

With the emergence of IEEE 802.11bf [24], the stan-
dardization of RF sensing marks a substantial step toward
integrating authentication capabilities into widely deployed
wireless infrastructure. Leveraging this existing, pervasive
Wi-Fi infrastructure helps overcome the hardware depen-
dency and integration challenges faced by traditional camera
and LiDAR-based methods. Additionally, it offers lower
cost, resilience to lighting and occlusions, and enhanced
privacy [6], [33].

A. RF-Based Skeleton Action Recognition

RF sensing has been widely explored for skeleton-based
action recognition [9]-[14], [17], [31], [38], [44], where



human motion is represented as a set of key joints. This ap-
proach is particularly attractive due to its low data complex-
ity, computational efficiency, and robustness to occlusions,
making it well-suited for privacy-preserving applications and
deployment on resource-constrained devices.

Early studies primarily leveraged radar-based RF systems
to extract human skeletons. For example, RF-Pose3D [38]
introduces the first RF-based system capable of inferring
dynamic 3D human skeletons. It efficiently captures spatio-
temporal information by decomposing high-dimensional con-
volutions into low-dimensional operations. RF-Wear [11] is a
novel wearable solution that tracks human body movements
by leveraging passive RFID tags. WiPose [10] is the first
framework that accurately constructs 3D human skeletons
using commercial Wi-Fi Channel State Information (CSI).

Despite their efficiency, skeleton-based representations
often lack fine-grained details, particularly in regions, for
instance, hands, which are critical for recognizing complex
human actions.

B. RF-Based Human Mesh Modeling

Mesh-based models provide a detailed representation of
human motion by capturing surface dynamics and articulated
movement [5], [34], [37], [39], [40], [43]. In this domain,
the Skinned Multi-Person Linear (SMPL) model [18] and its
extended versions (SMPL-X) [21] are widely used for 3D
human mesh generation, producing triangular meshes with
at least 6,890 vertices to accurately represent body shape
and posture.

For instance, RF-Avatar [43] employs customized FMCW
radar devices, leveraging Mask-RCNN and multi-head self-
attention mechanisms to extract human motion trajecto-
ries from reflected signals and generate an SMPL mesh.
mmbMesh [39] employs a commercial millimeter-wave device
and a deep learning pipeline to handle sparse 3D point
clouds, producing an SMPL mesh. WiMesh [34] exploits
Wi-Fi CSI measurements, fusing time-of-flight, amplitude,
and phase data through a neural model to reconstruct an
SMPL mesh. 3DMesh-GAR [25] reconstructs meshes for all
individuals in a scene without bounding boxes, averaging
multiple 3D body meshes into a single, holistic feature set
that powerfully represents the entire group’s activity.

While RF-based human mesh modeling has advanced,
using high-resolution meshes for action recognition on RF
devices remains challenging due to high computational costs.

C. Mesh Sequence-Based Action Recognition

To capture dynamic motions over time, action recognition
relies on sequences of 3D meshes rather than single-frame
shapes. However, processing thousands of vertices per frame
(e.g., 6,890 from an SMPL model) quickly overwhelms
resource-constrained devices. In order to address this issue,
researchers resampled point cloud data by Farthest Point
Sampling (FPS) algorithm to select representative subset of
points, which helps in reducing computational complexity
while preserving geometric information. PointNet++ [23]

TABLE I: A 128-Vertex Mesh Generated via STMT on the
NTU RGB+D 60 and BABEL Datasets

Body Part  Distribution \ Accuracy Drop w/o Part
Left Right | NTU RGB+D 60  BABEL
Hands 3 3 —3.38% —2.45%
Arms 8 8 —20.05% —3.90%
Legs 23 23 —5.29% —5.78%
Abdomen 53 —0.1% —1.50%
Head 7 —1.25% -3.10%

introduces mini-PointNet to extract features in local sub-
regions. SequentialPointNet [16] adapts this and introduces a
Hyperpoint-Mixer module to perform feature mixing. PST-
Net [42] utilizes another CNN for temporal feature across
frames. 3DV [35] converts the point cloud sequence into a
voxelized 3D representation and then captures the tempo-
ral dynamics within these voxels. P4Transformer [41] uses
attention encoder to learn long-range dependencies along
temperol features. While these methods effectively model
spatio-temporal relationships in irregular data, STMT [45]
extends this approach to mesh sequences by incorporating
a hierarchical transformer framework with inter- and intra-
frame attention layers. However, this design results in a
model exceeding 10 million parameters, making deployment
on RF devices highly impractical.

D. Other Recognition Method Oriented from 3D Point Cloud

Recent advancements in 3D action recognition show a shift
away from legacy methods that relied on downsampling point
clouds for computational efficiency. Growing computational
power now permits the use of richer, more structurally
informative full mesh data. 3DInAction [2] introduces a
large-scale dataset and a multi-branch, multi-scale network
that operates directly on raw point cloud sequences. It
choose to implicitly learn surface geometry from unstruc-
tured point clouds. However, 3DInAction is computationally
demanding, imposing a significant cost on both training
time and hardware resources. Consequently, due to this high
computational expense, we have chosen not to adopt this
approach in our work, favoring a more resource-efficient
methodology. This highlights the need for efficient down-
sampling and lightweight network to enable mesh-sequence
action recognition on resource-constrained devices.

III. KEY INSIGHT

Our key insight is that action recognition accuracy is
highly dependent on the distribution of vertices across dif-
ferent body parts. Existing approaches rely on FPS for mesh
down-sampling, formulated as:

S =wp, v; = arg max mind(v,u), Vi=1,2,...,k (1)
veEV\S ueS

where S represents the set of sampled vertices, vy is an

arbitrarily selected initial vertex from the original set V,

d(v,u) denotes the Euclidean distance (or another metric)



TABLE II: NTU RGB+D 60 - Classes With Lowest Accuracy

Action Name Counter Class Possible Factor

Reading Play Phone Finger Movement
Writing Typing Finger Movement
Clapping N/A Body Surface

Take off a Shoe
Put on a Shoe

Put on a Shoe
Take off a Shoe

Body Surface
Body Surface

Drinking N/A Finger Movement
Eating N/A Finger Movement
Taking Selfie Pointing Torso Rotation
Sneeze Headache Body Surface
Typing Writing Finger Movement
Play Phone Writing Finger Movement

between vertices v and u, and k is the total number of
vertices to be sampled. This algorithm ensures a well-
distributed selection across the entire mesh [7].

While effective in preserving overall structure, traditional
FPS has two major limitations. First, since the initial vertex
is randomly selected, applying FPS to each frame in a
mesh sequence results in inconsistent vertex correspondences
across frames, as all vertices remain unordered. Second, FPS
does not account for the varying importance of different
body parts. As a result, critical regions such as the hands
receive too few vertices, whereas less informative areas like
the abdomen retain an excessive number.

To illustrate this issue, we applied STMT’s global FPS-
based down-sampling to the NTU RGB+D 60 [27] and
BABEL [22] dataset, generating 128-vertex meshes and
analyzing the distribution of vertices across body parts.
As shown in Table I, different body parts receive varying
numbers of vertices: hands (6), arms (16), legs (46), abdomen
(53), and head (7). However, this uniform down-sampling
fails to prioritize the most informative regions, leading to
suboptimal accuracy in action recognition.

To investigate the role of different body parts in action
recognition, we systematically removed vertices correspond-
ing to each region and measured the resulting accuracy drop
on both the NTU RGB+D 60 and BABEL datasets. As
shown in Table I, eliminating abdomen vertices has minimal
impact (-0.1% in NTU, -1.5% in BABEL), whereas removing
vertices from the arms results in a substantial accuracy drop
(-20.05% in NTU, -3.9% in BABEL). The legs, hands, and
head also contribute notably. These results highlight that
certain body parts play a critical role in action recognition.

As previously shown, using global FPS-based down-
sampling results in a significant 20% accuracy drop. This
is because the NTU RGB+D 60 dataset contains a large
number of fine-grained actions, making action recognition
particularly challenging. Table II highlights the action classes
with the lowest accuracy, where many misclassifications
involve subtle motion cues. For instance, actions like Reading
vs. Playing Phone and Writing vs. Typing require fine-
grained finger movements, while actions like Taking Selfie
vs. Pointing rely on subtle torso rotations. These findings
suggest that traditional FPS fails to preserve critical motion

(a) SMPL mesh
(6,890 vertices)

(b) Existing methods
(256 vertices)

(c) ARISE (256
vertices)

Fig. 2: Comparison of different down-sampling methods.

details, particularly in the hands and arms, leading to confu-
sion between visually similar actions.

To further illustrate this issue, Figure 1 compares differ-
ent down-sampling strategies across three action sequences:
Wearing Earbuds, Walking and Pointing. The third row
shows results using traditional FPS, where Making a Phone
Call vs. Wearing Earbuds, Eating vs. Drinking, and Reading
vs. Writing appear visually similar due to insufficient preser-
vation of fine-grained motion details. In contrast, the fourth
row demonstrates our segmentation-based FPS, which better
retains essential motion cues, making these actions more
distinguishable. This highlights the importance of allocating
more vertices to motion-critical regions—such as the hands
and arms—for improved recognition accuracy.

IV. DESIGN
A. Segmentation-Based FPS

In our approach, we first segment the mesh into different
body parts. Specifically, each vertex corresponds to a specific
body part, such as the hands, arms, abdomen, etc. These
vertex indices are fixed, meaning they always belong to
their respective body parts for all mesh sequences. Then, we
label each vertex and classify it into the corresponding body
part, ensuring that each vertex remains consistently assigned
to a specific body part, making the segmentation ordered
in every frame. Next, we apply the FPS algorithm within
each segmented region and record the indexes of sampled
vertices. These indexes are feasible for all mesh sequences
generated by the SMPL model, which means we only need
to perform our down-sampling method once. Also, instead
of selecting points purely based on spatial distribution, we
adopt a uniform allocation strategy.

Figure 2 presents one single frame of a person performing
the same action, which is jumping. Figure 2a is the original
SMPL mesh with 6890 vertices. Figure 2b shows the mesh
down-sampled by the traditional global FPS algorithm. And
Figure 2¢ shows the outcome of our segmentation-based FPS.
As shown, global FPS results in a low vertex density in the
hands and arms, while preserving a large number of vertices
in low-information regions such as the abdomen. In contrast,
our method achieves a more balanced distribution, preserving
more vertices in regions such as the hands and arms.

B. Energy-Guided MoE for Spatio-Temporal Learning

In point cloud-based action recognition, which includes
mesh-based action recognition, two aspects need handling:



spatial features and temporal features. The spatial features
denote the vertex-level relations within one single frame,
while the temporal features stand for the frame-wise rela-
tions. We have developed a MoE-based neural network that
combines spatial learning, temporal feature extraction, and
residual networks to ensure efficiency and accuracy. Our
neural network consists of an arbitrary number of basic
blocks. The base block is illustrated in Figure 3.

In STMT [45], the spatial features are handled by a
network structure called Surface Field Convolution. Since
the mesh sequences being used in STMT are unordered. It
is necessary to form local vertex patches before performing
classification tasks. STMT computed both Euclidean distance
and Geodesic distances to approximate the connectivity
between vertices. However, the mesh sequences in ARiSE
are ordered since we sampled the vertices by index instead
of by spatial coordinates. Therefore, we could bypass this
step to avoid a significant waste of computational resources.

In addition, transformer networks are used in the tem-
poral learning process for STMT. Transformer-based neural
network architectures work extraordinarily on long time
sequences, such as plain text articles, because of the attention
mechanism [30]. However, transformers are not necessarily
needed since the mesh sequences in our approach are, at
most, 32 frames, and using a transformer architecture could
be too much. Instead, we could simply use convolution
operations to handle the temporal relationships in our setting.

Consequently, we abandoned the inefficient architecture
used by STMT and instead proposed a spatio-temporal resid-
ual block along with the MoE strategy that effectively and
dynamically captures both sequential and spatial information
from the input features. We define the convolution operations
of our spatial-temporal residual block by:

Xi:ConV-2dZ-<)~Q,1), fori=1,2,3,4, (2

where

j;; Xi—la if ¢ 7& 3)
i—1 =
X[ =3,

Here, X € RP*FXV ig the input tensor (with D as the
number of channels, F' the number of frames, and V the
number of vertices), X; € RE>*F*V for i € {1,2} (with
Cy = D), and X; € RY-1XPxXV for i € {3,4} (with C} =
F). The operator T (; ; 1) permutes the dimensions of a tensor
so that the ith dimension becomes the first, the jth becomes
the second, and the kth becomes the third. Finally, the output
of our spatial-temporal residual block is defined as

Xow = Xo + X, @19, 3)

with X; € RFXPXV_ Each Conv-2d(-) is composed of
Conv-BN-ReLU operations, which is regularly used in resid-
ual networks [8]. Our spatial-temporal blocks enable the
CNN to capture sequential relationships when it goes deeper
with a larger reception field [19]. Additionally, a key advan-
tage of CNN-based neural networks is their compact size. To
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Fig. 3: The Basic Block of Our Residual Spatial-Temporal
Neural Network
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Fig. 4: Our Architecture With Energy-based MoE Inputs

deploy our approach on resource-constrained devices, a deep
learning model with fewer parameters is essential. Thus, we
choose to leverage CNN for temporal learning instead of
transformers.

To further enhance the discriminative ability of the net-
work, we introduce an energy-based MoE architecture that
reflect the motion intensity of different body regions. For
pth body part (p = 1,--- ,8), we compute its motion energy
by accumulating the inter-frame displacement of vertices.
Formally, let S, denote the set of vertices belonging to part
p, then the motion energy is defined as

F—-1
1
) SRR

veES, t=1

where V;,v € R? denotes the 3D position of vertex v
at frame t. The obtained energies are fed into the router,
which produces gating weights over a set of Conv2D experts.
Specifically, we define:

8
XMOE = ng ' fp(Xp)v and g= SOftmaX(fr(E))a

p=1

®)
where f,(-) denotes the p-th expert corresponding to each
body part, f,(-) denotes a learnable router to produce motion
coefficient given the energy E, and ¢ is the softmax normal-
ized gating coefficient. Xyog is then added back to X, =
X,+Xwmor. These gating coefficients adjust the contributions
of different feature groups in the first convolutional block,
amplifying responses from informative regions (e.g., moving
limbs) while suppressing less discriminative ones (e.g., static
torso). This MoE-inspired design enables the network to
adaptively focus on body parts exhibiting stronger motion
dynamics, thereby improving accuracy.

V. EXPERIMENT SETUP

To evaluate the performance and adaptability of ARISE,
we conducted a series of experiments comparing it with the
state-of-the-art methods, across hardware configurations and
multiple datasets. We picked the four most recent related



approaches as baselines, which are PSTNet [42], Sequen-
tialPointNet [16], P4Transformer [41], and STMT [45].

A. Hardware Platforms

High-End Platform. Due to the high computational de-
mands of STMT, we evaluated the accuracy of both all ap-
proaches, including ARISE on a high-performance platform
equipped with an NVIDIA V100 GPU, which features 32 GB
of high-bandwidth memory. The V100 boasts 5,120 CUDA
cores and delivers a peak performance of 15.7 TFLOPs. This
GPU is designed to handle data-intensive tasks, making it
suitable for evaluating computationally demanding models
like STMT.
Resource Constrained Platform. To assess the adaptabil-
ity of ARISE in environments with limited computational
resources, we trained and validated our approach on an
NVIDIA Jetson TX2 platform, which only contains 8 GB
of LPDDR4 memory, 256 CUDA cores, along with approx-
imately 2 TFLOPs of peak FP32 performance.

Since STMT ran extremely slowly on this hardware due
to its high computational demands, we excluded it from our
evaluation on this platform.

B. Datasets

To validate the generalizability of ARiSE across different
sensing modalities and assess its performance on diverse
motion types, we selected the following datasets:
Comprehensive Motion-Capture Dataset. We utilized the
BABEL 60 dataset, an extension of the AMASS dataset [20]
that integrates semantic labels with high-quality 3D human
motion data. BABEL contains approximately 43 hours of
motion capture sequences, covering over 150 unique action
categories. The training set consists of 23,565 data clips,
while the test set includes 8,671 clips, spanning 60 classes,
which can be organized and converted into the SMPL mesh.
We chose BABEL due to its diverse motion categories, which
enable a comprehensive evaluation of our model’s ability to
capture various movement patterns.

Fine-Grained RGB-Based Dataset. We also utilized the
NTU RGB+D 60 dataset, a widely recognized benchmark
for human activity recognition using RGB cameras and depth
sensors. This dataset comprises 60 action categories with
a total of 56,880 video clips. To focus on evaluating the
model’s capability in recognizing fine-grained actions, we
selected 11 specific categories from the NTU dataset (as
detailed in Table II) . These categories emphasize detailed
limb and body movements, such as finger, arm, leg, and
torso actions, where missing fine-grained motion details can
significantly impact recognition accuracy. The training set
consists of 7,054 RGB video clips, while the test set includes
2,872 clips. By selecting these specific categories, we assess
the model’s performance in capturing fine-grained motion
details. Mesh sequences were generated from these video
clips using the open-source ExPose project [3], which is
based on the SMPL-X model.

Our Wi-Fi Sensing Dataset was collected using the Wi-
Mesh system [34], leveraging commodity Wi-Fi devices for

Fig. 5: Our Wi-Fi Sensing Devices and Experiment Scene

3D human mesh construction. The data was collected with a
transmitter-receiver setup consisting of a Dell LATITUDE
laptop as the transmitter with three antennas, and an L-
shaped antenna array with nine antennas as the receiver, uti-
lizing Intel 5300 NICs, as shown in Figure 5. A camera was
used to capture ground truth for comparison. We recruited 13
volunteers (10 males and 3 females) who performed various
everyday activities, including walking, arm movements, leg
lifting, and random motions. The Wi-Fi Channel State In-
formation (CSI) data was recorded using Linux 802.11 CSI
tools, capturing 30 OFDM subcarriers per packet. To extract
meaningful human motion data, we applied CSI preprocess-
ing to remove phase distortions and estimated the 2D Angle
of Arrival (AoA) of Wi-Fi reflections using a 4D MUSIC
algorithm [26]. By eliminating static object reflections and
leveraging deep learning models, we transformed 2D AoA
images into 3D human meshes using the SMPL-X model. It
supports non-line-of-sight (NLoS) scenarios, clothing vari-
ations, and demonstrates high adaptability across different
environments. After exploring multiple public datasets, such
as MSR Action 3D [15], TOYOTA Smart Home [4], UCF101
[29], and HMDB-51 [32], we selected 16 representative
actions for our dataset. In total, we recorded 5,218 Wi-Fi-
based data clips, comprising 4,194 training clips and 1,014
test clips.

VI. EVALUATION
A. Recognition Accuracy on Benchmark Datasets

To evaluate ARISE, we compare it against four
state-of-the-art approaches (PSTNet, SequentialPointNet,
P4Transformer, STMT) on three datasets: NTU RGB+D 60,
BABEL, and our Wi-Fi sensing dataset. The full results
(Table IIT) show that ARiSE consistently delivers the best
accuracy with significantly lower resource usage.

On NTU-RGB+D 60, ARiSE achieves 81.09% Top-1 ac-
curacy. This is a substantial improvement over the strongest
baseline, STMT, which reaches only 68.52%. The margin
of over 12% underscores our method’s superior capability
in capturing fine-grained action patterns from sparse mesh
data. On the BABEL-60 dataset, which features complex
motion capture sequences, ARISE maintains its lead with
57.05% accuracy compared to STMT’s 55.05%, confirming
its robustness across diverse action categories. Finally, on



TABLE III: Experimental Results on NTU-RGBD 60, BABEL-60 and Our WiFi Sensing Dataset.

. NTU-RGBD-60 BABEL-60 Wi-Fi Sensing

Approach # Vertices GFLOPS 1 0) Top-5(%) Top-1 (%) Top-5 (%) Top-1 (%) Top-5 (%)
PSTNet [42] 2048 19.57 51.81 94.33 48.72 69.23 70.41 88.89
SequentialPointNet [16] 512 2.89 59.84 94.98 54.09 77.86 79.88 96.94
P4Transformer [41] 2048 121.18 49.26 92.31 52.88 71.77 87.08 100.0
STMT [45] 512 39.22 68.52 90.93 55.05 78.64 72.01 91.34
ARISE (Ours) 512 1.20 81.09 97.10 57.05 79.58 96.04 98.50
TABLE IV: Computational Efficiency on NVIDIA V100 3 8 1033 7977 193, 109 8029 8012 8069

— 804 *¥— ‘K K
Approach Batch VRAM (MB) TPI (s) Latency (s) §
PSTNet 64 26160 224 0.76 57
SequentialPointNet 64 29938 0.57 0.46 & 701
P4Transformer 24 30842 1.74 0.57 —
STMT 32 29028 0.89 0.42 & 657

) —%— Segmentation-Based FPS Global FPS
ARISE (Ours) 64 3584 0.056 0.022 60 T T T T T T T

64 128 256 512 1024 2048 full

TABLE V: Runtime on Jetson TX2 (Edge Device)

Approach TPI (s) Latency (s)
PSTNet OOM OOM
SequentialPointNet OoOM OOM
P4Transformer OOM OOM
STMT OOM OOM
ARISE (Ours) 1.91 0.83

our proprietary **Wi-Fi dataset**, ARiSE sets a new state-
of-the-art with 96.04% Top-1 accuracy. This significantly
outperforms P4Transformer (87.08%), ensuring reliable and
high-fidelity recognition for wireless sensing applications.

B. Computational Efficiency & Edge Performance

Beyond accuracy, ARISE achieves remarkable compu-
tational efficiency across multiple dimensions (Table IV).
First, in terms of complexity, ARIiSE requires only 1.20
GFLOPs. This is drastically lower than transformer-based
methods like P4Transformer (121.18 GFLOPs) and STMT
(39.22 GFLOPs), representing a reduction of up to two orders
of magnitude. Second, regarding memory usage, ARiSE
consumes just 3.5 GB of VRAM with a batch size of 64,
whereas baseline methods require approximately 30 GB.
This low memory footprint allows ARiSE to train effec-
tively on lower-end hardware where other models would
fail. Finally, this efficiency translates into superior runtime
performance: ARISE achieves a training Time-Per-Iteration
(TPD) of 0.056s (10x faster than the nearest competitor) and
an inference latency of just 0.022s, making it highly suitable
for real-time applications.

Crucially, this architecture enables deployment on
resource-constrained edge devices, as shown in Table V. We
evaluated all methods on an NVIDIA Jetson TX2. While
all baseline approaches failed with Out-Of-Memory (OOM)
errors due to their excessive resource demands, ARiSE ran
successfully with a TPI of 1.91s and an inference latency

The Number of Vertices

Fig. 6: Top-1 accuracy differences between global FPS and
our segmentation-based FPS (NTU RGB+D 60).
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Fig. 7: Recognition accuracy of ARISE on the Wi-Fi sensing
dataset across different vertex counts.

of 0.83s. This result strictly validates ARiSE as the only
currently viable solution for performing on-device, privacy-
preserving mesh action recognition directly at the edge.

VII. ABLATION STUDY
A. Global FPS VS. Segmentation-Based FPS

To further investigate the impact of our Segmentation-
Based FPS strategy, we compare it against the traditional
global FPS on the NTU RGB+D 60 dataset, as illustrated in
Figure 6. The results indicate that global FPS consistently
lags behind, showing a substantial accuracy gap across all
vertex settings. For instance, when sampling 512 vertices,
Segmentation-Based FPS achieves 81.09% Top-1 accuracy,
whereas global FPS only reaches 66.26%, yielding a margin
of 14.83%. Similar trends are observed at other sampling
densities, confirming the effectiveness of our part-aware
sampling mechanism.

Another important observation is that Segmentation-Based
FPS exhibits stable accuracy even at very low vertex counts.
With only 64 vertices, its accuracy (80.33%) already ap-
proaches that of the full mesh (80.69%), demonstrating that
our method can preserve the most informative structural cues
while discarding redundant points. In contrast, global FPS
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Fig. 8: Computational efficiency comparison between ARiSE
and STMT on benchmark datasets.
TABLE VI: Top-1 accuracy VS. number of residual spatial-
temporal blocks (NTU RGB+D 60)

# Blocks Accuracy (%) # Parameters GFLOPs
4 81.09 1.86M 1.201
3 79.32 1.58M 1.196
2 78.20 1.35M 1.177
1 74.03 1.32M 1.157

suffers a clear degradation at smaller vertex settings, reflect-
ing its indiscriminate sampling behavior. Because it ignores
body-part segmentation and temporal structure, global FPS
tends to miss fine-grained motion details in critical regions
such as hands, arms, and legs, which are essential for precise
action recognition. These results underscore the robustness
and efficiency of Segmentation-Based FPS in maintaining
accuracy under aggressive downsampling.

B. Performance with Different Numbers of Residual Spa-
tial-Temporal Blocks

To further analyze the contribution of the residual spatial-
temporal blocks in ARiSE, we varied their number and
evaluated the impact on action recognition accuracy using
the NTU RGB+D 60 dataset with 512 vertices. The results,
summarized in Table VI, show a clear performance trend: ac-
curacy steadily improves as the number of blocks increases.
With a single block, the model achieves 74.03% Top-1
accuracy, which rises to 78.20% with two blocks and 79.32%
with three blocks. The best performance is observed when
four blocks are stacked, reaching 81.09% Top-1 accuracy.

Importantly, these gains are achieved with only a marginal
increase in model complexity. As the number of blocks
increases from one to four, the parameter count grows
modestly from 1.32M to 1.86M, and GFLOPs remain nearly
unchanged (1.157 to 1.201). This demonstrates that the resid-
ual spatial-temporal blocks provide substantial improvements
in representational capacity without significantly increasing
computational cost. Overall, these results confirm the ef-
fectiveness of our block design and justify the choice of
using four residual spatial-temporal blocks as the default
configuration in ARISE.

C. Performances on Different Number of Vertices

We investigate the influence of the number of vertices
on recognition accuracy (Fig. 9, 10, 7) and computational
efficiency (Fig. 8). On NTU RGB+D 60 (Fig. 9), ARiSE
consistently outperforms STMT across all vertex settings.

The Number of Vertices

Fig. 9: Top-1 accuracy comparison between ARISE and
STMT on the fine-grained RGB-based dataset (NTU RGB+D
60).
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Fig. 10: Top-1 accuracy comparison between ARiSE and
STMT on the motion-capture dataset (BABEL).

Even with 64 vertices, it maintains 80.33% accuracy and
peaks at 81.09% with 512 vertices. In contrast, STMT fluc-
tuates and degrades with more vertices (dropping to 62.60%
at 2048), indicating its transformer architecture struggles
with higher resolution inputs without proportional depth
increases. Results on BABEL (Fig. 10) follow a similar
trend. ARISE maintains a stable lead, peaking at 57.05%,
whereas STMT declines to 53.46% at 2048 vertices. On our
Wi-Fi sensing dataset (Fig. 7), performance remains robust
(<93%) even at low vertex counts, peaking at 96.04% with
512 vertices. Regarding Efficiency (Fig. 8), ARISE shows a
drastic reduction in computation. At 2048 vertices, it requires
only 4.26 GFLOPs—32x fewer than STMT—demonstrating
superior scalability.

VIII. CONCLUSION

In this paper, we introduced ARISE, a novel framework
designed to overcome the critical barrier of deploying mesh-
based action recognition on resource-constrained Wi-Fi edge
devices. Our dual-optimization approach begins with an
anatomy-aware downsampling strategy, which partitions the
mesh to strategically allocate more vertices to structurally
complex regions, creating an efficient yet detailed baseline
representation. Building on this, our energy-wise MoE ar-
chitecture then learns to dynamically assign greater weight
to the outputs of experts corresponding to the most expres-
sive body parts. Extensive experiments confirm that ARiSE
achieves state-of-the-art accuracy while reducing computa-
tional overhead by more than an order of magnitude. By
being the first to validate this level of performance on real-
world edge hardware like NVIDIA Jetson TX2, our work
establishes the practical feasibility of efficient, high-fidelity
action recognition for the next generation of WiFi sensing
applications.
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