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ABSTRACT

WiFi-based human pose estimation (HPE) has attracted in-
creasing attention due to its resilience to occlusion and privacy-
preserving compared to camera-based methods. However, ex-
isting WiFi-based HPE approaches often employ regression
networks that directly map WiFi channel state information
(CSI) to 3D joint coordinates, ignoring the inherent topologi-
cal relationships among human joints. In this paper, we present
GraphPose-Fi, a graph-based framework that explicitly models
skeletal topology for WiFi-based 3D HPE. Our framework
comprises a convolutional neural network (CNN) encoder
shared across antennas for subcarrier–time feature extraction, a
lightweight attention module that adaptively reweights features
over time and across antennas, and a graph-based regression
head that combines graph convolutional network (GCN) lay-
ers with self-attention to capture local topology and global
dependencies. Our proposed method achieves state-of-the-art
performance on the MM-Fi dataset in various settings.

Index Terms— Human pose estimation, WiFi sensing,
graph convolutional networks

1. INTRODUCTION

Human pose estimation (HPE) is critical in a wide range of
applications, including healthcare monitoring [1], augmented
reality [2], and human-robot interaction [3]. This problem has
been extensively studied using cameras, spanning 2D HPE [4],
3D HPE [5, 6], single-person pose estimation [7], and multi-
person scenarios [8, 9]. Despite their progress, camera-based
approaches face challenges in handling occlusions, low-light
conditions, and privacy concerns. To address these limitations,
radio-frequency (RF)-based sensing has emerged as a promis-
ing alternative, as RF signals can perceive human activities
without direct visual input and are inherently robust to occlu-
sions [10]. Among RF signals, WiFi is particularly appealing
for HPE because it is widely available, cost-effective, and
energy-efficient [11].

WiFi-based HPE leverages the variation in channel state in-
formation (CSI), which characterizes radio propagation in the

surrounding environment, to infer human movements. Existing
methods often treat CSI as images and apply deep regression
networks to map WiFi signals into human pose coordinates.
For example, WiSPPN [12] employs convolutional neural net-
works (CNNs) to estimate the 2D pose of a single person.
WiPose [13] and GoPose [14] extend this idea to 3D pose
estimation by using CNNs to extract CSI features and long
short-term memory (LSTM) networks to capture temporal dy-
namics, thereby producing smoother pose predictions. More
recently, transformer-based methods such as MetaFi++ [15]
and Person-in-WiFi 3D [16] have been proposed to estimate
2D and 3D poses for both single- and multi-person scenar-
ios. Moreover, lightweight architectures such as HPE-Li [17]
have been introduced to reduce computational complexity by
incorporating selective kernel attention modules.

However, directly applying CNNs or transformers to map
WiFi CSI into pose coordinates ignores the inherent topologi-
cal relationships among human body joints. The human body
can be naturally represented as a graph, where joints corre-
spond to nodes and bones to edges. In camera-based HPE,
this structural prior has been effectively modeled using graph
convolutional networks (GCNs) [5], showing strong perfor-
mance compared to conventional approaches. Motivated by
this success, we propose a graph-based architecture for 3D
HPE using WiFi signals. Unlike GCN-based 2D-to-3D lifting
methods in camera-based HPE [9], which rely on off-the-
shelf 2D pose estimators to provide intermediate 2D keypoints,
WiFi-based HPE lacks such explicit intermediate representa-
tions. To address this limitation, we design two modules to
extract discriminative features from CSI and construct a latent
graph representation. Specifically, we first employ a shared
CNN encoder across all antennas to extract subcarrier–time
features and map the subcarrier dimension to a latent space
aligned with body joints. We then introduce a lightweight tem-
poral–spatial attention module to adaptively select informative
patterns along the compressed time and antenna dimensions.
Finally, the resulting joint-level features are processed by a
graph-based regression head, which combines GCN layers and
self-attention [18] to capture both global dependencies and the
topological structures of human joints.



Fig. 1. The overview of our proposed GraphPose-Fi for WiFi-based 3D HPE. It consists of a per-antenna feature encoder, a
lightweight temporal and spatial attention module, and a graph-based pose regression head.

In summary, our main contributions are threefold: (i) We
propose a novel graph-based framework that explicitly models
the topological relationships among human joints for WiFi-
based 3D HPE. (ii) We design a feature extraction strategy con-
sisting of a CNN encoder and a lightweight temporal–spatial
attention module, which produces effective embeddings for
the subsequent graph-based regression head. (iii) We con-
duct extensive experiments on the MM-Fi public dataset [19]
and our method achieves state-of-the-art results across mul-
tiple metrics and settings. The source code is available at:
https://github.com/Cirrick/GraphPose-Fi.

2. METHOD
2.1. Preliminary

Modern WiFi communication systems adopt orthogonal fre-
quency division multiplexing (OFDM) [20], where the trans-
mitted signals are divided into multiple subcarriers to improve
spectral efficiency. Signals propagated from the transmitter
(TX) to the receiver (RX) antennas experience multipath prop-
agation caused by reflection, diffraction, and scattering in the
surrounding environment [16]. These propagation effects are
characterized in the CSI, which records the frequency response
of each subcarrier. The movements of the human body alter the
multipath components, thereby inducing distinctive variations
in the CSI measurements. This is the underlying principle of
WiFi-based HPE.

Given a sequence of CSI snapshots H ∈ CNr×Nt×S×T ,
where Nr and Nt denote the number of receive and transmit
antennas, respectively, S is the number of subcarriers, and
T is the number of CSI samples within a sliding temporal
window aligned with one pose label. The goal is to estimate
the corresponding 3D human pose coordinates Y ∈ RJ×3,
where J represents the number of body joints.

2.2. Proposed Method: GraphPose-Fi

We first apply standard pre-processing to convert the raw
complex CSI into a real-valued tensor Z ∈ RA×S×T , where
A = Nr ×Nt is the total number of antenna pairs. We then
propose GraphPose-Fi, a graph-based framework for 3D HPE

using WiFi CSI, as shown in Fig. 1. It consists of three mod-
ules: (1) Per-antenna feature encoder, (2) Lightweight tempo-
ral and spatial attention (LTSA) module, and (3) Graph-based
pose regression head.
2.2.1. Per-Antenna Feature Encoder
Each antenna observes channel frequency responses under
different multipath conditions, providing a complementary
spatial view of human pose. Inspired by [15], we adopt a
convolutional encoder based on ResNet [21] shared across
antennas. For antenna a ∈ {1, . . . , A}, we treat its CSI slice
Za ∈ RS×T as a two-dimensional tensor and use the encoder
to obtain the features

Ea = fθ(Za), Ea ∈ RD1×J×W , (1)

where fθ denotes the encoder with parameters θ, D1 repre-
sents the feature dimension, J represents the latent dimension
aligned with the number of body joints to facilitate subsequent
graph modeling, and W represents the downsampled temporal
dimension. We then stack per-antenna features {Ea}Aa=1 and
apply a point-wise convolution to reduce the feature dimension,
obtaining F1 ∈ RD2×J×A×W .

2.2.2. Lightweight Temporal and Spatial Attention
Different time segments and antennas contribute unequally to
pose estimation. We therefore design a lightweight attention
module that adaptively reweights features along the temporal
and spatial (antenna) dimensions, respectively.

Temporal Attention. For each joint j and antenna a,
we compute attention weights over the compressed temporal
index w ∈ {1, . . . ,W} by first averaging along the feature
dimension D2, then applying a 1×1×1 point-wise convolution,
followed by a softmax function along the temporal axis

αj,a,w = SoftmaxW
(
Conv1×1×1

(
MeanD2

(F1)
))

. (2)

These weights are used to temporally aggregate features

Ft(:, j, a) =

W∑
w=1

αj,a,w F1(:, j, a, w), Ft ∈ RD2×J×A.

(3)

https://github.com/Cirrick/GraphPose-Fi


Spatial Attention. Similarly, we derive attention weights
across antennas for each joint by averaging over the feature
dimension, and then applying a 1×1 point-wise convolution
followed by a softmax function along the antenna axis

βj,a = SoftmaxA
(
Conv1×1

(
MeanD2(Ft)

))
. (4)

The features are then aggregated across antennas

F2(:, j) =

A∑
a=1

βj,a Ft(:, j, a), F2 ∈ RD2×J . (5)

Compared to using multi-head self-attention (MHSA) [18]
for aggregating spatiotemporal information at each joint, our
method is more lightweight while achieving comparable per-
formance, as demonstrated in the ablation study (Sec. 3.3). Fi-
nally, we transpose F2 to a joint-first representation and apply
layer normalization to form the input embedding F3 ∈ RJ×D2

for the next stage.

2.2.3. Graph-based Pose Regression

While the previous stages extract informative features across
subcarriers, time, and antennas, these features lack explicit
modeling of the topological relationships among body joints.
Motivated by prior graph-based HPE studies [5, 6], we adopt
a GCN-based attention architecture that combines Chebyshev
graph convolutions (ChebGConv) [22] with self-attention to
model both local topology and global dependencies.

We first map the joint-wise features F3 to a latent em-
bedding X ∈ RJ×D3 using a ChebGConv layer. Let A
denote the skeleton adjacency matrix, D its degree matrix,
L = I−D−1/2AD−1/2 the normalized Laplacian and I the
identity matrix. With the rescaled Laplacian L̃ = 2L/λmax−I,
the Chebyshev convolution [22] updates features from layer l
to l + 1 as

X l+1 =
K−1∑
k=0

Tk(L̃)X
l Θk, (6)

where Tk(L̃) = 2L̃Tk−1(L̃) − Tk−2(L̃) is the Chebyshev
polynomial of degree k (T0 = I, T1 = L̃), λmax is the
largest eigenvalue of L, and Θk are learnable parameters. This
expands the receptive field to K-hop neighbors.

Each GCN-based attention block contains two ChebGConv
layers and an MHSA layer to aggregate global context across
all joints. After N such blocks, the features are mapped by a
final ChebGConv layer to the predicted pose Ŷ ∈ RJ×3.

2.3. Training Objective

We train the networks using the mean squared error (MSE)
between the predicted and ground-truth joint coordinates

L =
1

J

J∑
j=1

∥∥∥Ŷj −Yj

∥∥∥2
2
. (7)

3. EXPERIMENTS

3.1. Experimental Setup

Dataset. We evaluate our approach on Protocol 1 (P1) of
the MM-Fi dataset [19], which comprises 14 daily activities
performed by 40 subjects across 4 environments. The WiFi
system operates at 5 GHz with a 40 MHz bandwidth, consist-
ing of one transmitter with a single antenna and one receiver
with three antennas. CSI is collected over 114 subcarriers, and
consecutive measurements are aggregated into a sample of
size 3× 114× 10. Each pose annotation contains 17 joints in
3D coordinates. To evaluate generalization, we follow three
data split strategies: (i) Random split (S1), where data are
randomly divided into training and testing sets with a 3:1 ra-
tio; (ii) Cross-subject split (S2), where 32 subjects are used
for training and the remaining 8 subjects for testing; and (iii)
Cross-environment split (S3), where data from three environ-
ments are used for training and one for testing.

Evaluation Metrics. We adopt three commonly used met-
rics for 3D HPE [9, 23]. Mean per joint position error (MPJPE
(mm)) measures the average Euclidean distance between pre-
dicted and ground-truth joint coordinates. Procrustes aligned
MPJPE (PA-MPJPE (mm)) applies a similarity transformation
(translation, rotation, and scaling) before computing the error,
focusing on the structural accuracy of poses. Percentage of
correct keypoints (PCK) reports the proportion of joints whose
prediction error falls within a specified threshold relative to
body size, reflecting the accuracy at the joint level.

Benchmarks. We compare the performance of our ap-
proach with several existing methods, including MetaFi++
[15] used as the baseline solution in MM-Fi dataset, HPE-Li
[17], and DT-Pose [24], which are most recent and shown to
achieve the best performance in MM-Fi dataset.

Implementation Details. We train our model using the
AdamW optimizer [25] with an initial learning rate 3× 10−4

and a weight decay 0.02. The learning rate follows a cosine
decay over 50 epochs with a batch size of 256. All experi-
ments are conducted on an NVIDIA GH200 GPU using Py-
Torch. Our model comprises 21.94 M parameters and 14.86
GFLOPs. It achieves an inference latency of 30.38 ms (32.9
FPS), demonstrating its suitability for real-time applications.

3.2. Comparison with State-of-the-art Methods

Table 1 summarizes the performance of different methods on
MM-Fi dataset (Protocol 1). Our approach consistently out-
performs existing baselines across all three data split settings.
Under the random split (S1), it achieves the best PCK scores
at all thresholds and reduces MPJPE to 160.6 mm, surpass-
ing all the baselines. In the more challenging cross-subject
split (S2), our method again achieves the highest accuracy
on most metrics. For the cross-environment split (S3), where
domain shift is most severe, our framework outperforms all
compared methods by a clear margin across all metrics. These



Table 1. State-of-the-art performance comparisons on MM-Fi
dataset (Protocol 1). ↑ higher is better; ↓ lower is better. Best
values are bolded.
Method PCK@10↑ 20↑ 30↑ 40↑ 50↑ MPJPE↓ PA-MPJPE↓

Setting 1 (Random Split):
MetaFi++ [15] 24.6 56.2 72.9 82.4 88.1 174.2 112.4
HPE-Li [17] 26.4 56.4 72.6 82.0 87.8 172.6 102.0
DT-Pose [24] 26.3 57.2 74.1 83.7 88.9 168.0 102.4
Ours 33.3 61.1 75.6 83.9 89.3 160.6 105.0

Setting 2 (Cross-Subject):
MetaFi++ [15] 9.5 39.9 64.0 78.6 86.7 215.7 118.2
HPE-Li [17] 11.1 40.4 62.6 75.9 84.3 221.4 104.4
DT-Pose [24] 11.6 40.2 62.1 76.1 84.8 221.1 105.8
Ours 13.1 44.2 66.4 78.8 86.3 210.5 105.5

Setting 3 (Cross-Environment):
MetaFi++ [15] 1.7 10.5 25.6 44.0 60.3 329.9 108.3
HPE-Li [17] 0.5 5.8 18.1 35.6 52.3 361.1 104.4
DT-Pose [24] 0.8 7.9 23.7 43.5 61.0 326.9 104.7
Ours 2.7 12.9 29.2 49.6 67.2 302.7 103.0

Table 2. Per-joint MPJPE (mm) ↓ comparisons on MM-Fi
dataset (P1–S1).

Joint MetaFi++ [15] HPE-Li [17] DT-Pose [24] Ours

Bot Torso 107.8 108.3 105.8 93.9
L.Hip 111.7 111.6 109.5 100.2
L.Knee 111.0 111.1 111.1 99.7
L.Foot 109.0 109.6 110.3 102.3
R.Hip 111.8 114.7 112.5 101.2
R.Knee 109.4 113.1 113.6 99.6
R.Foot 114.2 116.2 119.4 107.0
Center Torso 115.8 117.7 116.3 100.4
Upper Torso 142.5 142.0 141.5 123.7
Neck Base 168.2 165.6 163.7 150.9
Center Head 169.5 166.0 167.6 150.8
R.Shoulder 155.8 153.4 153.4 141.0
R.Elbow 264.4 260.7 246.0 251.7
R.Hand 382.8 381.2 359.7 360.4
L.Shoulder 155.7 148.3 149.4 137.4
L.Elbow 255.4 244.0 230.4 244.6
L.Hand 376.6 371.2 346.4 365.2

Average 174.2 172.6 168.0 160.6

results demonstrate both the effectiveness and robustness of
the proposed method across different experimental settings.

Table 2 further reports per-joint MPJPE on MM-Fi dataset
(P1–S1). Our approach achieves significant improvements
on most joints, particularly in torso and head regions (e.g.,
bot torso, upper torso, neck base), where errors are reduced
by 10–20 mm compared to the baselines. This demonstrates
the effectiveness of GCN-based attention in modeling global
skeletal topology. Nevertheless, all methods still exhibit higher
errors on hands and elbows, which is likely due to the limited
spatial resolution of WiFi signals [24].

3.3. Ablation Study

Impact of LTSA Module. We investigate different strategies
to aggregate the temporal and spatial information while fixing
the encoder and the graph regression head. Specifically, we
compare: (i) Global average pooling (GAP) over the temporal
and antenna dimensions, and (ii) Per-joint multi-head self-
attention (PJ-MHSA): we treat the antenna-time dimensions

Table 3. Ablation study for LTSA module design.

Method MPJPE (mm)

GAP 161.6
PJ-MHSA 160.8
LTSA (ours) 160.6

Table 4. Ablation study for graph-structure design.

Method MPJPE (mm)

MLP regression head 167.8
Graph-based regression head (N = 2) 161.8
Graph-based regression head (N = 4) 160.6
Graph-based regression head (N = 6) 161.5

as tokens with features at the first dimension as embeddings.
For each joint, MHSA is applied to capture intra-temporal
and inter-antenna dependencies, followed by token pooling to
obtain the joint embeddings. Results in Table 3 show that our
proposed LTSA module outperforms the simple GAP baseline
and achieves slightly better accuracy than PJ-MHSA while
requiring substantially lower computational cost.

Graph-Structure Design. To demonstrate the effective-
ness of the graph-based method and test its configuration, we
replace the graph regression head with a multi-layer perceptron
(MLP) and vary the number of GCN-based attention blocks
(N from 2 to 6), while keeping the encoder and LTSA module
fixed. Results in Table 4 show that our graph-based architec-
ture outperforms the MLP baseline. Moreover, performance
improves when increasing the number of blocks from 2 to 4,
but further stacking yield no additional gains. Consequently,
we adopt 4 GCN-based attention blocks in our model, which
are effective and efficient to model the human joint topology.

4. CONCLUSION

We propose GraphPose-Fi, a graph-based framework for
WiFi-based 3D HPE. The model couples a CNN encoder
shared by antennas for subcarrier–time feature extraction
with a lightweight temporal–spatial attention module, and a
GCN-based attention regression head that encodes skeletal
topology while capturing global dependencies. Experimental
results on the MM-Fi dataset demonstrate that GraphPose-Fi
outperforms existing state-of-the-art methods across various
settings and metrics. While WiFi sensing enhances privacy by
avoiding direct imagery, its deployment must ensure user con-
sent and secure data management. Future work will explore
multi-sensor fusion and enhance domain generalization across
diverse environments.
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