Breaking Coordinate Overfitting: Geometry-Aware
WiFi Sensing for Cross-Domain 3D Pose Estimation

Abstract

WiFi-based 3D human pose estimation offers a low-cost and
privacy-preserving alternative to vision-based systems for
smart interaction. However, existing approaches rely on vi-
sual 3D poses as supervision and directly regress CSI to a
camera-based coordinate system. We find that this practice
leads to coordinate overfitting: models memorize deployment-
specific WiFi transceiver layouts rather than only learning
activity-relevant representations, resulting in severe gen-
eralization failures. To address this challenge, we present
PerceptAlign, the first geometry-conditioned framework for
WiFi-based pose estimation. PerceptAlign introduces a light-
weight coordinate unification procedure that aligns WiFi
and vision measurements in a shared 3D space using only
two checkerboards and a few photos. Within this unified
space, it encodes calibrated transceiver positions into high-
dimensional embeddings and fuses them with CSI features,
making the model explicitly aware of device geometry as a
conditional variable. This design forces the network to dis-
entangle human motion from deployment layouts, enabling
robust and, for the first time, layout-invariant WiFi pose esti-
mation. To support systematic evaluation, we construct the
largest cross-domain 3D WiFi pose estimation dataset to date,
comprising 21 participants, 3 environments, 18 actions, and
multiple device configurations. Experiments show that Per-
ceptAlign reduces in-domain error by 38% and cross-domain
error by more than 60% compared to state-of-the-art base-
lines. These results establish geometry-conditioned learning
as a viable path toward scalable and practical WiFi sensing.
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1 Introduction

In recent years, 3D human pose estimation has served as
a core technology for numerous applications [3, 21, 49], in-
cluding health monitoring and natural human-computer in-
teraction. While vision-based methods have long dominated
this field [23, 25, 26, 34], WiFi sensing has recently emerged
as a compelling alternative. Unlike cameras, WiFi sensing
operates without line-of-sight, preserves user privacy, and
leverages existing infrastructure, making it highly attrac-
tive for real-world deployment [12, 43, 57]. The prevailing
WiFi-based pose estimation pipeline is conceptually straight-
forward. They typically collect synchronized WiFi Channel
State Information (CSI) streams together with human poses
obtained from calibrated camera systems, and then train a
deep network under visual supervision to predict human
pose directly from the CSI inputs. [17, 35, 36, 45, 46, 58].
Most existing work following this paradigm focuses on im-
proving accuracy and producing smoother pose estimates
through tailored loss functions or specialized signal acqui-
sition setups. For example, WiPose [17] incorporates prior
knowledge of human skeleton structure, HPE-Li [6] lever-
ages attention mechanisms, and GoPose [31] employs a cus-
tomized antenna array to extract 2D angles of arrival. Other
studies push beyond skeleton-level estimation and aim for
finer-grained representations, such as reconstructing full 3D
human meshes [40] or detailed hand skeletons [16]. More
related works please refer to Appendix A

These solutions have demonstrated the feasibility of WiFi-
based human pose estimation and achieved competitive ac-
curacy when training and testing are performed under the
same deployment conditions [17, 45, 46, 58]. However, cur-
rent methods exhibit striking brittleness when applied to
new settings. Although some studies attempt to address en-
vironmental (e.g., room) variation through techniques such
as multiresolution convolution [51] for richer feature extrac-
tion or alignment losses [59] for improved supervision, they


https://doi.org/XXXXXXX.XXXXXXX
https://doi.org/XXXXXXX.XXXXXXX

Conference acronym *XX, 2018, Woodstock, NY

Trovato et al.

(& € &

Gy

7,
. Supervision
| <Overfitting s>~ —
CslI Generated Vision
\_ 3D Pose Ground Truth )

- J

, &
? Supervision /
Generated
3D Pose

Vision
Ground Truth

State-of-the-Art Research

Our Research
h: Human State

s: Deployment Variables

Figure 1: Left: Conventional pipelines implicitly memorize the geometric layout of WiFi devices, conflating it with
target knowledge and leading to coordinate overfitting. Right: PerceptAlign explicitly makes the model aware that
WiFi transceiver geometry is a conditional factor rather than knowledge to be memorized.

remain unable to handle the domain shifts frequently en-
countered in practice, such as changes in transceiver layouts.
We argue that the root cause lies in what we term coordi-
nate overfitting. By enforcing a direct regression from CSI
to camera generated skeletons, existing pipelines implicitly
entangle CSI measurements with deployment-specific WiFi
transceiver layouts. As illustrated in Fig.1, visual annota-
tions and WiFi measurements used in conventional methods
originate from different coordinate systems. State-of-the-art
multi-camera systems generate 3D pose labels in a Cartesian
space anchored to a calibration checkerboard, whereas WiFi
sensing is inherently tied to the Fresnel zones [42, 52, 55]
defined by transmitter and receiver positions, capturing vari-
ations in propagation paths. Training models on CSI using
only visual labels as supervision, without accounting for the
relationship between WiFi transceiver geometry and the co-
ordinate system of visual ground truth, prevents the model
from recognizing that device layout is a conditional variable
rather than knowledge to be learned. As a result, the network
is forced to memorize deployment-specific layouts together
with human poses. Consequently, the trained system is often
effective only for CSI collected under previously memorized
WiFi device layouts and suffers severe generalization failures
when device placements or user orientations change, thereby
limiting its practical applicability [5, 36, 47].

To overcome this limitation, we propose PerceptAlign, a
geometry conditioned framework that disentangles human
motion from deployment-specific artifacts in WiFi-based 3D
pose estimation. Our key insight is that visual labels inher-
ently filter out environmental and layout factors, preserving

only human motion, whereas WiFi signals encode a com-
posite of human dynamics, transceiver geometry, and multi-
path reflections. When trained solely with visual supervision,
models cannot distinguish which components of CSI corre-
spond to human motion and which stem from deployment
conditions. As a result, they often treat transceiver layouts as
fixed priors, leading to coordinate overfitting. PerceptAlign
tackles this issue with a straightforward yet effective idea:
explicitly exposing device geometry as a varying condition
rather than allowing the model to memorize it as hidden
background knowledge. Specifically, we first unify heteroge-
neous WiFi and camera coordinate systems into a shared 3D
space through a lightweight coordinate unification proce-
dure. The registered transceiver positions are then encoded
as high-dimensional spatial priors and integrated into the
learning process, enabling the model to separate human-
dependent signals from deployment-dependent factors. This
design compels the network to learn features that remain
stable under layout changes, ultimately yielding more robust
and generalizable WiFi-based 3D pose estimation.

The workflow of PerceptAlign consists of two main com-
ponents:

Lightweight Coordinate Unification Procedure. The
goal of this step is to align the coordinate system of WiFi
transceivers with that of the multi-camera system, thereby
establishing a unified coordinate system. In current multi-
camera pose estimation systems, cameras must first capture
images of a checkerboard B placed in the scene and then
perform parameter calibration using predefined algorithms
in order to obtain accurate 3D human poses. After calibra-
tion, all cameras share a world coordinate system defined



Breaking Coordinate Overfitting: Geometry-Aware WiFi Sensing for Cross-Domain 3D Pose Estimation ~ Conference acronym 'XX, 2018, Woodstock, NY

=1

camera

Ca
@® ery

receiver

receiver.

X o
1 chessboard

Figure 2: Sensing in vision and WiFi.

by the B’s origin and axes, and a transformation matrix is
obtained that map the world coordinates into each camera’s
imaging coordinate system. After camera calibration, our
coordinate unification procedure uses an additional calibra-
tion checkerboard B placed between the middle of the WiFi
transceiver, with its x-axis aligned along the transceiver line-
of-sight (LOS). This checkerboard coordinate system then
represents the transceiver coordinate system. Then, we use a
camera C simultaneously observes B and B, allowing us to
compute transformation matrices from each checkerboard to
the camera. Using the camera as an intermediary, the WiFi
transceiver coordinates can thus be mapped into the world
coordinate system quickly and conveniently. (B;->C->B).
Geometry-Conditioned Learning. Once physical-space
coordinate unification is established, the WiFi transceiver
coordinates are encoded as high-dimensional spatial embed-
dings. These embeddings are fused with CSI features ex-
tracted by a CNN encoder, and the combined representations
are processed by an attention-based fusion backbone that
jointly reasons about spatial and temporal evidence to pre-
dict 3D human poses. By explicitly incorporating transceiver
layout as conditional knowledge, the model avoids implicitly
memorizing it as background information, thereby mitigat-
ing overfitting and substantially improving generalization.
Our contributions are as follows:

e We reveal coordinate overfitting as the fundamental
bottleneck in WiFi-based 3D pose estimation. Existing
pipelines directly regress from CSI to camera-generated
skeletons, implicitly memorizing deployment-specific
layouts, and thus failing to generalize across domains.

e We propose PerceptAlign, the first geometry condi-
tioned framework for 3D WiFi pose estimation. It intro-
duces a lightweight coordinate unification procedure
that aligns WiFi and vision into a shared space, and
a geometry conditioned learning strategy that explic-
itly encodes transceiver layouts as conditional priors.
This design disentangles human motion from device

layouts, achieving the first robust WiFi-based pose
estimation across transceiver layouts.

e We construct the largest cross-domain WiFi-vision
dataset to date, covering diverse participants, environ-
ments, actions, and device setups with detailed geo-
metric calibration. Extensive experiments demonstrate
that PerceptAlign reduces in-domain error by 38% and
cross-domain error by more than 60% over state-of-
the-art baselines.

2 Preliminary

In this section, we outline how the vision system produces hu-
man pose estimates and how the corresponding WiFi sensing
system captures motion-related information. We then ana-
lyze the inherent overfitting problem in existing approaches
and conclude with the motivation for our proposed frame-
work.

2.1 Vision-based 3D pose estimation

Owing to their unparalleled accuracy and robustness, cur-
rent SOTA vision-based approaches for 3D human pose es-
timation typically rely on multi-camera systems. We also
use poses generated by such systems serve as high-quality
ground truth for our WiFi-based method. As shown in Fig-
ure 2, this requires the multi-camera system to first calibrate
both intrinsic and extrinsic parameters using a checkerboard
B. This calibration process involves capturing an image of
current scene containing B and then computing the intrinsic
and extrinsic parameters through predefined algorithms.

A calibrated camera is characterized by an intrinsic pa-
rameter matrix

fe s o
K=|0 f, ¢y, (1)
0 0 1

together with lens-distortion parameters k when applicable.
These parameters specify the focal lengths, principal point
coordinates, and distortion coefficients of the camera. The
calibration also provides extrinsic parameters:

(R,t) € SO(3) x R, (2)

which define the rotation R and translation t of each cam-
era relative to a world coordinate system, and SO(3) means
special orthogonal group. The world coordinate system is
typically established by the checkerboard B: one chosen cor-
ner of the board serves as the origin, the grid directions define
the xp and yp axes, and zp is set orthogonal to the board
plane. With the extrinsic parameters, a camera can project
any 3D point Xg = [X, Y, Z]" defined in the world coordi-
nate system to an ideal image point X = [#,9]" according
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to:
X =RXg +t,
. fF +ex 3)
X = H(XC) = Yz >
fyZ_c +Cy

and the observed pixel coordinates x are related to x via dis-
tortion model x = D(%; k). Camera calibration [1] estimates
K, k, R, t from images of the known checkerboard pattern.
After completing multi-camera calibration, we employ
the state-of-the-art EasyMocap framework [1] to obtain 3D
visual human poses. EasyMocap[1] applies multi-view 2D

keypoint detection followed by geometric triangulation to
obtain 3D skeleton coordinates. Let {xl@) }Zzl denote the
detected 2D location of joint i in the v-th calibrated views.
EasyMocap recovers the corresponding 3D keypoint y; € R?
through triangulation by solving a small linear (or nonlinear

reprojection-error) problem:

2

v
y; = arg m%n Z Hxl@ - HU(RUY +t,; Ky, KU) , @
v=1
where (K, Ry, t,, k,) are the intrinsics/extrinsics/distortion
for view v. The resulting 3D skeletony = [y,....y;]" is
expressed in the world coordinate system.

Clearly, with the aid of the checkerboard, the 3D human
poses produced by a multi-camera system are disentangled
from environmental and camera layout factors. The system
outputs the absolute coordinates of all human skeleton joints
in a predefined world coordinate system, thereby providing
high-quality ground truth for training WiFi-based pose esti-
mation models.

2.2 WiFi-based Motion Sensing

WiFi-based sensing perceives both the environment and hu-
man activities by capturing variations in the propagation
paths of electromagnetic signals between transmitters and re-
ceivers [20, 41]. We model the various factors in WiFi-based
human pose estimation that influence WiFi signal propaga-
tion as follows:

G = (hs), ®)
where h denotes the dynamic human state and s denotes
the static deployment variables [13] (TX/RX 3D poses, static
scene scatterers, and hardware-specific parameters). Within
a synchronized vision-WiFi multimodal sensing setup, the
WiFi measurements corresponding to each camera frame are
represented as:

Ht e CAXMXT’ (6)
where A denotes the number of antenna pairs, M the number
of subcarriers, and T the number of sampled time points. For
the WiFi sensing system, we define a sensing operator
that maps the G to the measured CSI H;:

H, = F(G;t) +¢, = F(hs;t) +e¢. (7)

Trovato et al.

where ¢ models measurement noise and other unmodeled
effects. As a result, the measured CSI H; is a composite signal
that inherently couples human motion with deployment-
specific device layout geometry and environmental factors.
Under a finite-path approximation the H; is presented as [22,
38]:

K
H(ft) = ) ar(hs,t) e /2emhen o g)
k=1
where 7 and @y are path delays and complex amplitudes
that depend jointly on h and s, f;, is the frequency of the
m-th subcarrier.

According to Fresnel-zone sensing theory [33, 56], the
impact of object motion on WiFi CSI can be characterized
by a Fresnel model in which the transmitter and receiver
serve as the focal points of an ellipsoid. As shown in Figure 2,
the influence of motion on the sensed signal is modeled as
variations in the path and distance relative to these two foci.
Thus, the coordinate system of WiFi sensing can be geomet-
rically defined by the positions of the transceivers. In WiFi
sensing, the absence of intrinsic and extrinsic calibration
methods, as found in vision systems, means that there is no
unified world coordinate system. As a result, the sensing op-
erator ¥ is influenced not only by human activity but also by
device layout, environmental structures, and measurement
noise. Among these factors, changes in transceiver layout
significantly alter the propagation paths affected by human
motion, creating substantial barriers to generalization. Prior
studies [42, 53] have also noted that variations in the geo-
metric relationship between device placement and human
orientation or position can induce large shifts in the WiFi
sensing signal sequences.

2.3 Coordinate Overfitting in WiFi-based
3D Pose Estimation

Current SOTA WiFi-based 3D pose estimation systems all
rely on visual labels for training. The relationship among the
actual human pose, the visual annotations, and the observed
WiFi CSI can be expressed as follows:

y —¢ 5 H 9)

where y denotes visual 3D annotations (Sec. 2.1), G = (h, s)
is the complete geometric state with dynamic human com-
ponent h and static/deployment component s (Sec. 2.2), and
¥ is the RF forward operator producing CSI H. From this
formulation, we can draw the following conclusion:

(1) Asymmetric dependencies. Thanks to intrinsic and
extrinsic calibration, the visual labelsy = 7 (h) depend
(after calibration) only on the dynamic state h, whereas
CSI satisfies H = ¥ (h, s) and depends jointly on h and
the deployment variables s.
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(2) Implicit entanglement during learning. During
training, a WiFi-based 3D pose estimation system em-
ploys a blind regressor fy : H — y that attempts to
approximate p(y | H). This process can be expressed
as:

p(y | H) = / py | W) p(h | H.s)p(s | H)dhds, (10)

the learner must marginalize over the unobserved and
varying s. With finite data, the model commonly ex-
ploits spurious correlations between s and y in the
training set, effectively learning a mapping fy(H) =
Gp(h, s) that depends on s.

(3) Device-geometry sensitivity. Although the learning
process of a WiFi-based pose estimation model is influ-
enced by all factors in s, device geometry is the most
sensitive component. According to Fresnel-zone the-
ory, variations in transceiver distance and orientation
may cause substantial shifts in the signal propagation
patterns induced by the same human motion. Even
small changes in transmitter—receiver placements can
lead to large, non-local shifts in the distribution of H.
Since y remains fixed in B, a regressor that has internal-
ized a deployment-specific alignment will be system-
atically biased when the transceiver layout changes
at test time, resulting in the large in-domain versus
cross-domain performance gap observed empirically.

In summary, while current approaches have achieved
promising progress in refining pose estimation through ad-
vanced neural architectures and sensing system designs, they
remain fundamentally limited by a severe generalization chal-
lenge caused by memorizing device geometry. We refer to
this phenomenon as coordinate overfitting, where the model
encodes deployment-specific alignments rather than learn-
ing deployment-invariant representations of human motion.

2.4 Our Motivation

From the above analysis, it is clear that in WiFi-based pose es-
timation the only theoretically robust link between the visual
and WiFi modalities is h. The factors in s act as confounding
variables that are imperceptible to the vision modality. How-
ever, if we explicitly inform the model that the dominant com-
ponent of s (the transceiver geometry in this paper) should
be treated as conditional information, akin to additional in-
trinsic or extrinsic parameters. This reduces the marginaliza-
tion burden on the learner and prevents deployment-specific
memorization. To realize this idea, two essential procedures
are required:

(1) Coordinate Unification. To enable the WiFi 3D pose
estimation model to recognize transceiver layout rel-
ative to visual annotations, the coordinates of WiFi
transceivers must first be incorporated into the unified

world coordinate system used by the multi-camera
setup.

(2) Geometry-conditioned learning. After coordinate
unification, the model must be guided to recognize
transceiver geometry as conditional knowledge rather
than a system requirement, thereby encouraging it to
factor out this information during learning and acquire
more robust features.

3 System Overview

In this section, we present an overview of PerceptAlign, our
cross-domain robust WiFi-based 3D pose estimation sys-
tem. The framework consists of two key components: Light-
weight Coordinate Unification and Geometry Condi-
tioned Learning,. Specifically, PerceptAlign first performs
lightweight coordinate unification in the physical world. This
procedure requires only two calibration boards and a few
photos, providing a simple and efficient means of aligning co-
ordinate systems. The WiFi sensing system then collects CSI
data, which undergoes preprocessing steps including denois-
ing, segmentation, and temporal alignment. A CNN encoder
is applied to extract features from the preprocessed data,
which are subsequently integrated with high-dimensional
embeddings of the WiFi transceiver geometry. The fused
representation is finally used to infer the 3D human pose.

3.1 Lightweight Coordinate Unification.

The most straightforward approach for coordinate unifica-
tion would be to manually measure transceiver positions
with a ruler and then design a transformation matrix, but
this is impractical in real applications due to time and labor
requirements. In our method, we introduce an additional
checkerboard B; to represent the WiFi transceiver coordi-
nate system in the physical world. Using standard camera
calibration, we simultaneously establish the transformation
from the camera coordinate system to the WiFi checkerboard
coordinate system, T, ,, as well as the transformation from
the camera to the world coordinate system, Tr_,g. With the
camera as an intermediary, the mapping from the WiFi coor-
dinate system to the world coordinate system can then be
efficiently derived as

Ts,—8 = ToLpTe—s, (11)
and the WiFi transceiver coordinates P = {pi, prx, } can be

expressed in the unified world coordinate frame B.

3.2 Geometry-Conditioned Learning.

For geometry-conditioned learning, we replace the blind
regressor fy(H) by a conditioned estimator:

¥ = go(H.P), (12)
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Figure 3: System overview.

where P reduces the effective uncertainty about s. Condition-
ing on P changes the posterior from p(y | H) to p(y | H, P),
which is typically much sharper and more stable when P
captures the dominant geometric degrees of freedom. Op-
erationally, this reduces the need for the network to mem-
orize deployment-specific transforms and yields markedly
improved cross-deployment generalization. Specifically, we
augments CSI features with compact spatial embeddings of
receiver/transmitter locations and applies a lightweight fu-
sion backbone to jointly reason about spatial and temporal
evidence.

4 Method

In this section, we provide a detailed description of the im-
plementation of the PerceptAlign framework.

4.1 Lightweight Coordinate Unification

The goal of this component is to conveniently transform the
3D spatial coordinates of WiFi transceivers into the world
coordinate system B defined by the checkerboard B. We
achieve this by:(i) introducing an additional checkerboard
B; to align the sensing coordinate system B; of the WiFi
transceiver pair, (ii) expressing transceiver device offsets in
B; using measured inter-device distance, and (iii) capturing
both B and B; with a camera to obtain the corresponding
transformation matrices, then using the camera as an in-
termediary to map WiFi transceiver coordinates from B; to
B.

We begin with the following notation: for a point ex-
pressed in coordinate system X, its Euclidean coordinate
is denoted as px € R®, and its homogeneous form is px =

[Py 1]7. The homogeneous form vectorizes the 3D coordi-
nate, allowing it to be manipulated in matrix form. The trans-
formation of coordinates between reference frames using
extrinsic parameters, i.e., a rigid transform, can be expressed
as:

Rxoy  txoy

OT 1 € SE(?’)s

(13)

Txoy = [

with f)y =Tx_y lax.

In the physical setup, after the multi-camera system has
been calibrated using B, we deploy an additional checker-
board B; between the WiFi transceivers. We place the origin
of B; at the midpoint of the line joining a transmitter T and
a receiver R (or at a convenient marker near that midpoint),
and align the x-axis of B; with the T-R direction. In this way,
the checkerboard coordinate system coincides with that of
the WiFi sensing setup. Let the physical Euclidean distance
between T and R be denoted as S (in meters). Writing L = S/2
for the half-distance, the device coordinates (offsets) in By
can then be expressed as:

—-L L
pe,r=|0 |, PB.,R = |0 (14)
0 0

In practice S may be obtained either by direct physical mea-
surement (tape measure) or by image-based measurement
using the auxiliary camera that images the checkerboard. If
the distance is measured in board grid units (for example
g checkerboard squares) and each square has side length d
(in metres), then S = g - d and the half-distance is L = %d.
Equivalently, if the pixel distance between device markers
is p and the pixel-to-metre scale on the checkerboard is p
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(meters per pixel, obtained from board calibration), then
S=p-pandL = ‘%. These conversion formulae give a
single, implementation-ready rule:

S (direct)

1

1
L = rh measured distance| = 3 gd (grid units) .

pp  (pixels)

(15)

Let C denote the auxiliary camera coordinate system that

observes both B and B;. From checkerboard calibration we

obtain camera-to-checkerboard transforms Tc_, g and Tc—, , -

The rigid transform that maps coordinates expressed in By
into the world coordinate system B is

Tp,op = ToLpTess, . (16)

Therefore the device homogeneous coordinates in the world
coordinate system B are obtained by:

P = TB,-BPB.a a € {T,R}, (17)
or in non-homogeneous form
PBa = Rp,-BDB.« +tB,—B- (18)

The procedure above is applied for every transceiver pair.
If multiple receivers are observed simultaneously in a single
auxiliary view, their positions can be read off in the same
Bj coordinate system and converted en masse via (16). The
result is a set of calibrated device coordinates expressed in
the unified world coordinate system:

P = {PB,tx, pB,rxla pB,rxza e } (19)
We summarize the implementation summary as follows.

(1) Place the auxiliary board B so its origin is at the mid-
point of the device pair and align its x-axis with the
device line.

(2) Acquire images of B; with the auxiliary camera and
detect board corners to obtain Tc_,p,; likewise obtain
Teop.

(3) Measure the inter-device distance in board-grid units
g (so S = gd), or in pixels p (so S = pp); compute
L=S5/2.

(4) Form pg, (7R} via (14) and transform to the world co-
ordinate system using (16).

(5) Repeat for all devices to obtain the full set P expressed
in B.

By explicitly measuring P in the world coordinate sys-
tem B, we make the previously invisible device geometry
perceptible to the vision-based annotation system. This en-
ables transceiver coordinates to be introduced as conditional
knowledge within a unified reference frame, thereby guid-
ing the model to learn deployment-invariant features. Our
proposed lightweight unification strategy requires only the
placement of two checkerboards and the capture of a few

photos, allowing cross-modal coordinate alignment to be
completed efficiently within a short time.

4.2 Geometry-conditioned learning

We implement the geometry-conditioned learning illustrated
in Fig. 4. Each receiver’s CSI tensor is encoded by a shared
CNN; calibrated coordinates P are encoded via multi-band
sinusoidal features and an MLP to form spatial tokens that
are concatenated with CNN features. A Transformer-based
spatio-temporal encoder fuses these tokens across receivers
and time, and a lightweight decoder outputs camera-frame
3D skeleton joints.

Preprocessing. For each receiver R, we compute the com-
plex CSI ratio between antenna 1 and antenna 2 for denois-
ing [50]:

Cn,l(t: f)
Cn,Z(ts f) ’

where ¢, 4(t, f) denotes the CSI at receiver n, antenna a, time
index t and subcarrier f. The ratio eliminates amplitude and
phase noise introduced by hardware. After denoising, the
CSI stream is segmented and temporally synchronized with
each camera frame to serve as the network input. Specifically,
we first divide the CSI sequence into several groups, where
each group sequentially contains G = [N;/Ng] CSI sam-
ples, with N denoting the total number of CSI samples and
Ny the number of video frames. Thus, each frame is paired
with a fixed-length CSI group. From each group, we extract
magnitude, phase, and Doppler Frequency Shift (DFS) [28]
along the temporal axis. These features are concatenated
following the procedure in WiGRUNT [11, 53], resized to
1 X 224 X 224, and then replicated across three channels to
form a 3 X 224 X 224 tensor. This process is repeated for all
WiFi transceivers to construct the CSI inputs corresponding
to the visual annotations.

an(t f) = (20)

Shared CNN encoder. CSI input from all transceiver pairs
is processed through a shared CNN encoder Ey to extract
features. In this work, Ey is implemented as a pretrained
ResNet-34 truncated before the final classification layer. It
can be expressed as:

f,: = Pool(Eg(Xn,)) € RP, (21)

where f,,; is the feature, and X,,; denotes the input tensor
for receiver n at frame t,n € {1,...,N,},and t € {1,...,T}.

Position encoding. We represent the geometry of each an-
tenna pair using the coordinate offset of the receiver rela-
tive to the transmitter in the world coordinate system. Let
Pn = (XnYnzn) € R? denote the 3D geometric relation
of receiver R,. Each receiver coordinate p, is then lifted
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Figure 4: Geometry-conditioned learning network architecture.

into a high-dimensional spatial embedding through a multi-
frequency mapping ® : R® — RP»:
K-1

o(p) = [ Sin(Zkﬂp), cos(2kﬂp)] o’ (22)
and projected by a small MLP g, to obtain the spatial em-
bedding

en = gy(®(pn)) € RV (23)

This step is designed to enrich the geometric representation
by expanding the p,, across multiple frequencies, enabling the
model to capture more complex patterns. It also prevents the
model from relying solely on shallow features such as simple
relative displacements, and further encodes the geometry
into an embedding space with a dimensionality comparable
to CSI features, which facilitates effective feature fusion.

Temporal encoding. To represent temporal order we asso-
ciate each frame ¢ with a learnable temporal embedding (STE)
r; € RP (shared across receivers). A small, receiver-specific
bias s, € RP is also maintained to capture per-receiver id-
iosyncrasies.

Token construction. For every receiver n and frame t we
form a token that fuses CNN features with spatial and tem-
poral encodings:

) = LayerNorm(W ¢f,; + Wee, + 1, +s,) € RP, (24)

n,t
where Wy, W, are learned linear projections. The full input
sequence to the decoder is the concatenation of these tokens
over receivers and time:

U = (b0} (25)

mt f n=1,t=1°
of length N, * T. In the final token, the spatial embedding
provides the model with geometric priors of the transceivers,
while the temporal embedding enables the attention layers
to condition temporal evidence on explicit spatial priors at
each timestep. This design encourages the model to learn
time-varying observation-to-geometry mappings, leading to

improved temporal consistency and higher pose estimation
accuracy.

Decoding and pose estimation. The token sequence U (*)
is processed by a Transformer-based encoder with L layers
of multi-head self-attention:

U = 7FEO W), r=1,...,1L (26)

producing contextualized tokens ufli). For each frame ¢ the

N, tokens {uflft) }fj:’l are aggregated to produce a frame-level
feature z; € RP. A pose head hg then regresses the predicted
joints:

yi = hy(z;) € RIS (27)

Loss function. We train the network using a simple mean-
squared-error (MSE) loss between the predicted and ground-
truth skeleton joint coordinates. Let §;; € R* and y;; € R?
denote the predicted and ground-truth positions of joint j at
video frame [, respectively, withl =1,...,Land j = 1,..., ].
The training objective is

1 &
. 2
Lyvse = L Z Z (1925 = yelly- (28)

I=1 j=1

Once the system is trained, deploying it in a new envi-
ronment requires only minimal setup. The user places B
at any convenient location and B; at the new transceiver
pair to complete the position encoding process. By provid-
ing these encodings as conditional parameters to the model,
the pre-trained system can be directly applied in the new
settings.

5 Datasets

To validate our approach, we design and collect the largest
cross-domain WiFi-based 3D pose estimation dataset. The
dataset will be released publicly upon acceptance of this

paper.
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Figure 5: Environments and device placements used for data collection. Scene_3 contains multiple layouts (A/B/C)

as documented in the dataset README file.

5.1 Dataset overview

The dataset contains recordings from 21 participants across
three indoor environments. As shown in Fig.5, these en-
vironments include an empty room, a meeting room, and
an office. Data collection spanned six months, resulting in
370.66 GB of recordings and over 82 hours of video. The
dataset comprises 6,369,186 synchronized frames. Each cap-
ture includes synchronized RGB video and raw WiFi CSI
from three receivers, calibration metadata that registers WiFi
devices into the world coordinate system, and multi-view
3D joint annotations reconstructed with EasyMocap. Three
WiFi transceivers were used in this dataset. More details
please refer to Appendix A.1

5.2 Action taxonomy

We record 18 daily-action categories designed to cover a wide
range of limb motions and dynamics. The actions are: (1)
left arm stretch, (2) right arm stretch, (3) both-arms stretch,
(4) left lateral raise, (5) right lateral raise, (6) left forward
lunge, (7) right forward lunge, (8) left side lunge, (9) right
side lunge, (10) jump, (11) pick-up, (12) clockwise spin, (13)
counterclockwise spin, (14) jumping jack, (15) squat, (16)
left rotation, (17) right rotation, and (18) directional hops
(forward/back/left/right).

5.3 Calibration and ground-truth

We register WiFi devices into the world coordinate system us-
ing a lightweight coordinate unification method described in
Section 4.1. We recorded the unification result for each place-
ment as a calibrated set of transmitter/receiver coordinates
stored in the dataset metadata. Visual ground-truth are esti-
mated using EasyMocap; frames with EasyMocap/OpenPose
confidence < 0.8 are filtered and the remaining annotations
are spot-checked manually.

5.4 Domain splits

To facilitate reproducible evaluation, we provide standard-
ized splits under different testing scenarios. Per-scene: 80/20
train/test split by action instances for each scene. Cross-
user: leave one subject out across 21 participants. Cross-
scene: leave one scene out (train on two scenes, test on the
third). Cross-setup (scene_3): leave one setup-out among
Setup A/B/C. Cross-orientation : leave one orientation-out
among the three orientations. Cross-Location: leave one
location out among the five capture points in each scene. A
detailed description of the partitioning scheme also included
in the dataset’s README file.

Table 1: Dataset comparison,and PiW means Person-
in-WiFi.

Dataset #Subjects #Actions #Frames Multi-layout
MM-Fi 40 16 320k No
Piw-3D 7 8 97k No
Ours 21 18 637k Yes

5.5 Dataset comparison

Table 1 compares our dataset with existing large-scale WiFi-
based human pose estimation datasets. Compared to Person-
in-WiFi-3D [45], our dataset significantly expands both sub-
ject diversity and overall scale. This broader coverage miti-
gates overfitting to individual motion styles and provides a
stronger basis for evaluating cross-user generalization. Al-
though the number of participants is smaller than in MM-
Fi [46], our dataset places greater emphasis on the cross-
domain challenges most relevant to real-world applications.
Unlike prior datasets, which include cross-environment data
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collection but use the same WiFi device layout within each
environment, our dataset assigns a different device layout
to every scenario. This design enables rigorous evaluation
under simultaneous environment and layout shifts, a condi-
tion that is far more common in real-world applications. We
also include multiple layouts within the same environment
to analyze layout-induced variations, and capture extensive
data across diverse user orientations and positions to support
more comprehensive generalization studies.

Beyond pose estimation, our dataset can also support cross-
domain activity recognition research, as it encompasses a
wide variety of actions. Beyond scale and diversity, a key ad-
vantage of our release is the inclusion of detailed geometric
information of the sensing system, along with scene pho-
tographs capturing the calibration checkerboards. Our work
demonstrates that such geometric information plays a cru-
cial role in enabling the development of more generalizable
WiFi sensing systems. We therefore believe that this new
dataset, with its comprehensive geometric annotations, will
greatly benefit the research community.

5.6 Limitations and usage notes

The dataset targets single-person indoor pose estimation and
cross-domain evaluation; it does not include multi-person or
outdoor scenes. The effective temporal resolution for pose
recovery is bounded by commodity CSI packet rates and
by the grouping strategy. Users should consult the provided
metadata to select samples with desired temporal granularity.
Consent and ethics: participants signed informed-consent
forms; visual data are provided under a controlled-access
policy (details in the release).

6 Evaluations

Model settings. All experiments follow a fixed training
recipe and model configuration. The CNN encoder is a pre-
trained ResNet-34, with its pooled output projected to a
512-dimensional feature space. WiFi transceiver coordinates
are encoded using a multi-frequency mapping with K = 8
frequency bands and similarly projected to dimension 512.
Decoding is performed by a 6-layer Transformer encoder
with 8 attention heads and a hidden size of 512. Models are
trained end-to-end using Adam with an initial learning rate
of 1x107%, decayed to 1x 107° via a cosine-annealing sched-
ule over 200 epochs. The batch size is 64, with weight decay
set to 1 X 107°. Training minimizes MSE loss on 3D skeleton
coordinates, and evaluation is reported using MPJPE (mm).
For comparison, we evaluate the state-of-the-art method
Person-in-WiFi-3D [45] (using the author-released weights).
We choose this baseline because many recent studies have
not released their code, whereas Person-in-WiFi-3D provides
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open-source implementations and reports performance sur-
passing prior work.

Evaluation setup. We evaluate pose estimation performance
using the standard Mean Per-Joint Position Error (MPJPE).
Let y;; € R*> and y;; € R? denote the predicted and ground-
truth 3D positions of joint j at frame [, respectively, with
I=1,...,Landj =1,...,J. The MPJPE (reported in millime-
ters) is computed as the average Euclidean distance between
predictions and ground truth over all joints and frames:

L L
MPIPE = = D D 191 = vull (29)
=

6.1 In-domain Evaluation

We report in-domain MPJPE for models trained and tested
within the same scene in Table 2 and Figure 6. For brevity,
we present the overall mean MPJPE across the three scenes.
All reported models share the same training and evaluation
protocol as well as the same backbone encoder architecture.
Each scene is split 80/20 by action instances, and errors are
averaged across all test frames. Compared to Person-in-WiFi-
3D, PerceptAlign reduces the overall in-domain MPJPE from
221.0mm to 137.2mm, corresponding to a relative improve-
ment of approximately 38%. This sizable gain demonstrates
that incorporating WiFi device geometry as prior conditional
knowledge can significantly improve 3D pose estimation ac-
curacy. We attribute this to the fact that, even though device
layouts remain unchanged in in-domain settings, our ap-
proach provides the model with explicit awareness of the
transceiver configuration. This allows the model to interpret
CSI perturbations in a well-defined spatial context, thereby
enhancing its ability to map CSI variations caused by human
activity to accurate 3D poses.

6.2 Cross-Domain Evaluation

To evaluate system performance under realistic deployment
variations, we conduct cross-domain experiments targeting
different sources of distribution shift: spatial location, subject
orientation, environment, subject identity, and device layout.
Each protocol follows a leave-one-out design, and results are
summarized in Table 2. Representative samples are shown
in Fig. 6.

Cross-Location. This section evaluates how model perfor-
mance changes when subject positions vary within the same
room and device layout. In each round, one position is held
out for testing while the remaining positions are used for
training. Compared to in-domain settings, Person-in-WiFi-
3D shows significant degradation (253.1 mm), whereas Per-
ceptAlign also experiences some decline but reduces the error
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Table 2: Evaluation Results (MPJPE (mm)).

Method In-doamin Location Orientation Environment Layout User
Person-in-WiFi 3D 221.0 253.1 254 717.2 649.3  266.7
PerceptAlign 137.2 144.6 147.7 181.5 170.2 145.3
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Figure 6: Illustrative examples of constructed skeletons across different cross-domain settings.

to 144.6 mm (43% improvement) by incorporating geometric
conditioning.

Cross-Orientation. For variations in subject orientation,
we evaluate performance using a leave-one-orientation-out
scheme while keeping other conditions fixed. Person-in-
WiFi-3D reaches 254 mm, indicating that orientation changes
hinder generalization. In contrast, PerceptAlign achieves
147.7 mm, a 42% reduction in error, demonstrating the effec-
tiveness of our strategy under this setting.

Cross-User. In cross-user evaluation, Person-in-WiFi-3D
and our method achieve MPJPEs of 266.7 mm and 145.3 mm,
respectively. These results highlight the non-negligible im-
pact of user variation on pose estimation performance, while
PerceptAlign maintains robustness through its geometry-
conditioned learning strategy.

Cross-Layout. The cross-layout setting is a central focus
of our work and a key motivation, since layout variations
frequently occur in real-world deployments. Results con-
firm that changes in WiFi device layout severely degrade the
performance of existing pipelines: even the state-of-the-art

Person-in-WiFi-3D becomes nearly unusable under this set-
ting, with an average error of 649.3 mm. In contrast, our
method achieves an MPJPE of 170.2 mm, demonstrating
strong robustness to layout changes and validating the effec-
tiveness of the proposed geometry-aware approach.

Cross-Environment. Our cross-environment evaluation is
more challenging, as it jointly considers changes in both in-
door scenes and device layouts—variations that are common
in practical deployments. Results show that Person-in-WiFi-
3D suffers severe degradation, with an average error of 717.2
mm. Although PerceptAlign also experiences some decline,
it maintains an MPJPE of only 181.5 mm, demonstrating
substantially improved robustness in pose estimation.

Overall, these results validate our earlier claim that exist-
ing methods overfit by implicitly memorizing WiFi device
layouts, conflating them with useful motion cues. The more
than 60% improvement over the SOTA method across diverse
cross-domain settings further demonstrates the effectiveness
of our approach: by making device geometry an explicit
condition, the model is able to disentangle deployment fac-
tors from human motion, leading to significantly stronger
generalization.
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Table 3: Ablation results (MPJPE (mm)). “No Align”
omits geometry-conditioned spatial position embed-
ding; “No Spatial PE” injects raw 3D device vectors
instead of high-dimensional spatial embeddings.

Variant In-domain Cross-envir Cross-layout
PerceptAlign 137.2 181.5 170.2
No Align 279.0 729.5 687.0
No Spatial PE 297.2 744.0 692.3

6.3 Ablation study

Table 3 evaluates the contribution of the two core compo-
nents of PerceptAlign: the geometry-conditioned spatial em-
bedding and the spatial positional encoding (PE) method,
which lifts 3D device coordinates into a higher-dimensional
representation before fusion.

1) Coordinate unification. Removing the geometry-
conditioned spatial embedding, i.e., training without cali-
brated device layouts, increases in-domain MPJPE from 137.2
mm to 279.0 mm and cross-domain errors by over 300% (e.g.,
cross-environment 181.5 — 729.5 mm). This shows that omit-
ting device geometry forces the model to overfit to layout-
specific cues: it can fit a single deployment but fails cata-
strophically under deployment shifts. These results confirm
the necessity of incorporating device geometry as explicit
conditional knowledge to achieve robust generalization.

2) High-dimensional spatial encoding. Replacing the
high-dimensional spatial positional encoding with raw 3D
coordinate concatenation leads to severe degradation, with
in-domain MPJPE rising from 137.2 mm to 297.2 mm and
cross-scene error from 181.5 mm to 744.0 mm. This shows
that simply appending coordinates as low-dimensional side
information is ineffective: raw vectors lack the nonlinear
basis to capture spatial patterns and disrupt feature extrac-
tion due to scale mismatch with CSI features. In contrast,
lifting coordinates into high-dimensional embeddings pro-
vides richer representations that fuse smoothly with CSI,
enabling the model to learn geometry-conditioned patterns
and maintain robustness under deployment shifts.

7 Limitations and Future Work

Limitations. Despite these strengths, several limitations
remain. First, CSI remains noisy and temporally aliased at
commodity packet rates; the method’s temporal resolution
is therefore bounded by capture hardware and the grouping
strategy used to align CSI with video frames. Second, while
positional encoding and Transformer fusion improve gener-
alization, deployment changes that radically alter the set of
effective links (for example, extreme TX-RX reconfiguration
or highly cluttered scenes) still cause noticeable performance
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degradation; targeted domain-adaptation or lightweight cal-
ibration transfer techniques may be required to fully close
this gap (similar challenges have been observed for other
WiFi-based systems). Finally, the present evaluation focuses
on single-person scenarios; extending the approach to robust
multi-person 3D human pose estimation raises additional
challenges (data association, overlapping multipath), as iden-
tified in recent multi-person WiFi work. In practice, these
limitations point to several concrete research avenues: (i)
increasing CSI temporal resolution or incorporating comple-
mentary RF modalities (e.g., ultra-wide-band or mmWave) to
better capture fast motions; (ii) developing calibration-light
domain adaptation or self-supervised fine-tuning routines
so that minimal labeled data in a new deployment suffice to
restore performance; and (iii) scaling the dataset and model
design to support multi-person scenarios while preserving
computational efficiency.

Future Work. In future work, we aim to develop a calibra-
tion framework for WiFi sensing systems analogous to the
intrinsic and extrinsic calibration of multi-camera systems
using checkerboards. For intrinsic calibration, our goal is to
eliminate deployment-independent hardware biases so that
CSI measurements more closely approximate “ideal physical
propagation plus minor noise.” To this end, we plan to exper-
iment with direct transceiver connections via coaxial cables
as well as antenna array parameter estimation techniques.
For extrinsic calibration, our objective is to rapidly unify
different WiFi coordinate systems, similar to how cameras
establish a consistent mapping from the world coordinate sys-
tem to individual camera frames. Possible directions include
extending our current checkerboard-based vision-assisted
calibration method or leveraging the correlation between
CSI and controlled motion trajectories. We believe this line of
research is critical for bringing WiFi sensing systems closer
to practical deployment.

8 Conclusion

This work identified coordinate overfitting as the main bottle-
neck in WiFi-based 3D pose estimation, where models mem-
orize deployment-specific layouts. We introduced PerceptAl-
ign, a geometry-conditioned framework that unifies WiFi
and vision into a shared 3D space and encodes transceiver po-
sitions as priors, disentangling motion from deployment arti-
facts and enabling layout-invariant features. We also built the
largest ross-domain 3D WiFi-based human pose estimation
dataset and showed that PerceptAlign reduces in-domain er-
ror by 38% and cross-domain error by over 60% compared to
state-of-the-art baselines. Future work will explore standard-
ized intrinsic and extrinsic calibration protocols to support
scalable deployment.
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A Related Work

RF-based human pose estimation fall into (1) specialized
radar or mmWave imaging, which yields high spatial reso-
lution but relies on dedicated sensors [2, 19, 24, 30, 48]; and
(2) commodity WiFi CSI-based methods, which trade some
physical resolution for ubiquity and low cost.
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Table 4: Acquisition hardware and nominal parameters.

Modality Hardware Key parameters

RGB video Intel RealSense 435D  1980x1080, 30 fps

WiFi CSI Intel 5300 + CSItool 1 TX, 3 RX; 3 antennas / RX; 57 subcarriers
Calibration board Checkerboard (12x9) square size 30 mm; EasyMocap-compatible
Ground-truth EasyMocap camera-centric 3D skeleton reconstruction

Early RF studies demonstrated robust activity recognition
and coarse localization using RSSI/CSI features and classical
machine learning[32, 39, 44]. As research advanced, deep
learning models began to extract richer spatio-temporal pat-
terns from CSI, enabling finer-grained tasks such as pose
estimation [8, 10, 17].

(1) Extending from 2D to 3D: Wang et al. [37] first used Wi-
Fi devices to achieve human pose estimation by combining
joint heat maps (JHMs) and body part affinity fields (PAFs)
from OpenPose to supervise deep learning models. Later, Yan
et al. [45] expanded to 3D pose estimation via a architecture
comprising a Wi-Fi encoder, pose decoder, and fine decoder.
(2) Multi-person estimation: Qu et al. [29], Hsu et al. [14],
and Yan et al. [45] explored multi-user pose estimation via
improved resolution, loss functions, and user separation. (3)
Improving accuracy: Huang et al. [15] leveraged the sparsity
of joint heat maps and introduced a 3D streaming signal
fusion module. Nguyen et al. [27] proposed an autoencoder
denoiser and an estimator focusing on informative OFDM
subcarriers. Deng et al. [7] applied CSI spatial decomposition
to observe spatial and channel-sensitive views. Zhang et al.
[54] introduced Vista-Former with dual-stream spatiotem-
poral attention. Lee et al. [18] combined CNNs and trans-
formers for spatiotemporal feature extraction. Gian et al.[6]
proposed a multi-branch CNN with selective kernel atten-
tion, and extended it in [9] with a teacher-student framework
to enhance resolution efficiently. (4) Cross-domain gener-
alization:Several recent papers propose domain-invariant
representations, topology- or physics-informed regulariz-
ers, or time—frequency fusion strategies to improve robust-
ness. Chen et al.[4] learned domain-invariant features with
topology constraints. Zhang et al. [51] employed cross-layer
optimization and bilinear time-spectral fusion.

However, prior work relies on vision for cross-modal
supervision, which causes overfitting between visual and
Wi-Fi perspectives and lacks systematic cross-domain eval-
uation with rich device metadata. Existing datasets such
as MM-Fi [46] and Person-in-WiFi-3D [45] are limited in
scale, subject diversity, scene complexity, and within-scene
position/orientation variations, and they omit unified Wi-
Fi—camera coordinate calibration, leading to poor general-
ization. Our dataset addresses these gaps by including more

subjects, larger frame counts, richer position and orientation
sampling, multiple device layouts, and explicit calibration
metadata, providing a stronger benchmark for cross-domain
evaluation.

A.1 More details of our dataset

The hardware specifications are listed in Table4, and the
recording protocol are as follows:

e Each non-rotation action is performed at five prede-
fined spatial points within the activity area. At each
point the subject faces one of three orientations (frontal,
+45°, —45°). For each (point, orientation) the subject
repeats the action 3 times; each repetition lasts 5s.

e Rotation actions (clockwise / counterclockwise) and a
few high-variation hops may vary slightly in duration
depending on subject habit; these rotation actions are
recorded without fixed point/orientation constraints.

e Scene_3 contains three device-placement configura-
tions (Setups A/B/C). Each setup differs in TX-RX rel-
ative distances (the exact layouts are illustrated in the
dataset release figures); angles (facing orientations)
are kept unchanged across setups. Two subjects were
recorded per setup.

The public release will include:

e Raw CSI traces (per receiver, per session) and per-
session metadata (timestamps, packet indices).

e Synchronized RGB video clips and timestamps.

e Calibration metadata: recorded checkerboard poses,
computed transform matrix, and unified TX/RX coor-
dinates .

e Ground-truth 3D human pose annotations from Easy-
Mocap.

e Standardized domain split definitions and data-loading
/ synchronization scripts.

o Illustrative figures showing device-placement schemat-
ics for Setups A/B/C in scene_3.

e Code of PerceptAlign and a list of filtered frames.
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