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Abstract

We present Neural Correspondence Fields (NCF),
a continuous space-time representation for track-
ing motion in radio-frequency (RF) sensing environ-
ments. Unlike discrete optical flow or traditional
tracking methods that operate on image grids, NCF
learns a dense, implicit mapping from 3D spatial co-
ordinates and time to motion vectors and correspon-
dence confidence. Combined with a lightweight at-
tention mechanism and skip connections, the model
efficiently captures long-range temporal dynamics in
volumetric RF data. We further introduce DOMA
(Dynamic Object Motion Analysis), an end-to-end
architecture that integrates NCF with object detec-
tion and transformer-based temporal reasoning for
multi-object RF source localization and tracking.
Our approach enables accurate trajectory prediction
and dense flow field visualization from IQ-level RF
measurements with minimal assumptions about sen-
sor calibration.

1 Introduction

Radio-frequency (RF) sensing has emerged as a pow-
erful modality for human and object tracking in ad-
verse conditions (darkness, fog, occlusion) due to
its ability to penetrate walls and fabrics. How-
ever, unlike RGB cameras, RF data is typically low-
resolution, noisy, and lacks clear visual structure,
making traditional computer vision techniques dif-
ficult to apply directly.

Recent advances in neural implicit representations
[6, 10] have shown remarkable success in modeling
continuous signals from sparse or irregular samples.
Inspired by Neural Radiance Fields (NeRF) and more
recent works on dynamic scene modeling [8, 4, 2], we
propose Neural Correspondence Fields (NCF) — a
fully continuous 3D+time motion representation tai-
lored for RF-based tracking.

NCF maps any 3D point x ∈ R3 and time t ∈ R to
a motion vector v(x, t) ∈ R3 and a confidence score
c(x, t) ∈ [0, 1]. This enables:

• Dense flow field reconstruction on arbitrary
grids,

• Sub-time-step trajectory integration,

• Confidence-aware tracking in low-SNR regions,

• Seamless integration with downstream detection
and classification modules.

We further introduce DOMA, a unified architec-
ture that combines NCF with a transformer encoder
and detection heads for end-to-end RF source detec-
tion and tracking in volumetric time-series data.

Contributions: Our main contributions are:

1. Neural Correspondence Fields (NCF), a contin-
uous 3D+time motion field specifically designed
for RF sensing environments with confidence-
aware trajectory integration.

2. DOMA, an end-to-end tracking architecture that
couples NCF with transformer-based temporal
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reasoning and detection heads for multi-object
RF source localization.

3. Comprehensive evaluation on synthetic RF-
Move and RF-Human datasets, demonstrating
improved absolute trajectory error vs. Kalman
filtering, RAFT-3D, and Neural Scene Flow
baselines.

2 Related Work

Neural Implicit Representations NeRF [6]
popularized coordinate-based MLPs with positional
encoding for static scene modeling. Extensions like
Neural Scene Graphs [7], D-NeRF [8], and NR-NeRF
[12] introduced time as an input dimension to model
dynamic scenes. Our work follows this paradigm but
focuses on correspondence rather than appearance.

Optical and Scene Flow Traditional optical flow
[3, 1] and scene flow [13] methods operate on discrete
grids. Neural extensions such as RAFT [11] and Neu-
ral Scene Flow Prior [5] learn flow from images. In
contrast, we learn a continuous 3D+time flow field
directly from RF measurements.

RF-based Human Sensing mD-Track [15], RF-
Avatar [14], and Widar 3.0 [9] demonstrated through-
wall pose estimation and tracking using CSI or micro-
Doppler signatures. These methods rely on hand-
crafted features or CNNs on spectrograms. Our
method operates directly on 3D RF point clouds or
voxel grids without requiring domain-specific prepro-
cessing.

3 Method

3.1 RF Observation Model and Vox-
elization

We assume access to complex baseband IQ sam-
ples collected from one or more RF front-ends (e.g.,
MIMO WiFi, FMCW radar, or SDR receivers) at a
sampling rate fs around a center frequency fc. At

each time step t, the receiver acquires a short win-
dow of IQ samples

xt[n] ∈ C, n = 0, . . . , N − 1.

We convert this raw time-domain signal into a
compact RF descriptor by computing a frequency-
domain representation and summarizing energy in
application-relevant bands.

First, we compute the discrete Fourier transform
and magnitude spectrum

Xt[k] = F{xt}[k], St[k] = |Xt[k]|,

with corresponding frequency bins fk determined by
(fs, fc). We specify a set of B frequency bands

Bb = [fmin
b , fmax

b ], b = 1, . . . , B,

covering WiFi (2.4-2.5 GHz, 5.1-5.8 GHz), cellu-
lar (0.9-0.93 GHz GSM, 1.8-1.9 GHz LTE), and
5G allocations (3.4-3.6 GHz mid-band, 24-29 GHz
mmWave). For each band Bb we extract four statis-
tics over the magnitude spectrum: mean power, peak
power, spectral variance, and total energy. Con-
catenating these band-wise statistics yields a fixed-
dimensional RF feature vector

ϕt ∈ Rd

for the IQ window at time t.
Each RF measurement is associated with a spatial

location pt ∈ R3. In synthetic experiments, pt is
obtained directly from the known emitter trajectory;
in real deployments it can arise from array geome-
try, time-of-flight localization, or SLAM. Because in-
dividual position estimates may be noisy, we option-
ally apply a constant-velocity Kalman filter to the se-
quence {pt}, using signal strength to adapt the mea-
surement noise covariance. This step enforces tempo-
rally coherent 3D trajectories while down-weighting
low-SNR observations.

To interface with our neural correspondence field,
we construct a dense 3D RF volume by interpolating
the sparse measurements onto a regular voxel grid.
Given a set of N smoothed samples (pi, ϕi) within a
spatial bounding box, we define a grid of voxel centers

{xk}Nvox

k=1 , xk ∈ R3
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at resolution (Nx, Ny, Nz) = (64, 64, 64). For each
feature dimension j we compute an inverse-distance
weighted interpolation,

Φ
(j)
k =

N∑
i=1

wki ϕ
(j)
i , wki ∝

1

∥xk − pi∥2 + ε
,

with weights normalized so that
∑

i wki = 1. This
yields a dense RF feature field Φ : R3 → Rd defined
at voxel centers.

At each time step t we obtain a 3D RF voxel vol-
ume

Vt = {(xk,Φt(xk))}Nvox

k=1 ,

which serves as input to our neural correspondence
field and DOMA tracking architecture. We denote
the local voxel feature at position x and time t as
ϕ(x, t) = Φt(x), obtained by interpolating the per-
measurement features ϕt as described above. During
training and inference, we query this field at sam-
ple points, feeding both 3D coordinates and local RF
features into the continuous model.

3.2 Neural Correspondence Field
(NCF)

Given a 3D position x = (x, y, z), time t, and local
RF features ϕ(x, t) from the voxelized volume, the
NCF predicts a motion vector and confidence:

fθ : (x, t, ϕ(x, t)) 7→ (v, c)

The RF features ϕ(x, t) condition the motion field on
the local electromagnetic environment, enabling the
model to adapt predictions based on signal charac-
teristics and multipath conditions.

The network architecture (Figure 1) is a
coordinate-based MLP with sinusoidal positional en-
coding γ(·). We use L = 8 spatial frequencies
and M = 6 temporal frequencies, hidden dimension
H = 256, and N = 6 fully-connected layers with skip
connections at layer 3:

γ(x) = [x, sin(2kπx), cos(2kπx)]L−1
k=0 (1)

γ(t) = [t, sin(2kπt), cos(2kπt)]M−1
k=0 (2)

3D Position
x ∈ R3

Time
t ∈ R

Positional
Encoding

γ(x)

Temporal
Encoding

γ(t)

Concatenate
[γ(x), γ(t)]

Linear + ReLU
h1

Linear + ReLU
h2

Skip Con-
nection
[h3, γ]

Self-Attention
(Optional)

Linear + ReLU
hN

Motion
Vector
v ∈ R3

Confidence
c ∈ [0, 1]

Sinusoidal

Encoding

Figure 1: Neural Correspondence Field architecture
with positional encoding, skip connections, and op-
tional attention.

The encoded input is passed through N fully-
connected layers with ReLU activations and skip con-
nections at layer si:

h0 = Linear(γ(x)⊕ γ(t))

hl =

{
ReLU(Linear(hl−1 ⊕ [γ(x), γ(t)])) l ∈ {si}
ReLU(Linear(hl−1)) otherwise

At the midpoint layer, we optionally apply a
lightweight self-attention block to capture long-range
temporal dependencies across the implicit field. The
attention block operates over a minibatch of encoded
positions {(x, t)} to share information between spa-
tially separated points with similar temporal context.

Final output:

[v, ℓ] = Linear(hN ), c = sigmoid(ℓ)

3.3 MotionTracker: Trajectory Inte-
gration

Given initial positions X0 ∈ RN×3, we perform for-
ward integration using predicted motion vectors:

Xt+1 = Xt + v(Xt, t) · c(Xt, t)

where · denotes element-wise multiplication and we
work in normalized time units with ∆t = 1 between
frames (the formulation trivially generalizes to arbi-
trary ∆t). High-confidence predictions dominate up-
dates, naturally suppressing drift in low-SNR regions.

3.4 Dense Correspondence Field Vi-
sualization

We can query the NCF on a regular 3D grid at ar-
bitrary times to obtain dense flow volumes suitable
for visualization or downstream processing (e.g., flow-
based segmentation).
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3.5 DOMA: Dynamic Object Motion
Analysis

DOMA extends NCF with object detection and tem-
poral modeling to create an end-to-end RF tracking
architecture (Figure 2).

The pipeline begins by extracting motion and con-
fidence fields from NCF across a temporal sliding win-
dow of T = 8 frames:

Ft = [vt, ct] ∈ R(Nvox×4)

where vt ∈ RNvox×3 and ct ∈ RNvox are the predicted
motion vectors and confidences at time t.

These 4D features are processed by a transformer
encoder with 4 layers, 8 attention heads, and hidden
dimension 512. The multi-head self-attention mech-
anism captures long-range temporal dependencies:

Attention(Q,K, V ) = softmax

(
QKT

√
dk

)
V

where Q, K, V are linear projections of the input
features.

The transformer output feeds into two detection
heads:

• Presence Head: 3-layer MLP predicting bi-
nary object presence probability pobj ∈ [0, 1] for
each voxel.

• Localization Head: 3-layer MLP regressing
3D displacement corrections ∆x ∈ R3 to refine
motion predictions.

During training, DOMA uses a multi-task loss
combining NCF motion supervision, confidence pre-
diction, and detection objectives:

LDOMA = LNCF + αBCE(pobj, ygt) + β∥∆x−∆x∗∥2

with α = 0.5, β = 0.2. Ground truth labels ygt mark
voxels within 0.5 m of actual object positions. We
threshold pobj at 0.5 and compute voxel-wise preci-
sion, recall, and F1 relative to ygt; these F1 scores
are reported in Table 1.

RF Voxel
t = 1

RF Voxel
t = 2

· · · RF Voxel
t = T

Neural
Correspondence
Field (NCF)

Position &
Time

Embedding

Transformer
Encoder

(Temporal)

Detection
Head

Classification
Head

3D BoundingBoxesObjectClasses

Motion & Confidence

RF Sequence Input

Per-point Motion:v(x, t)Confidence: c(x, t)

Figure 2: DOMA integrates NCF with transformer
temporal modeling and detection heads for RF source
localization.

4 Experiments

4.1 Datasets

We evaluate on two synthetic RF datasets:

• RF-Move: Simulated moving point sources (2.4
GHz, 20 MHz bandwidth) observed by a 64-
antenna uniform linear MIMO array. Contains
120 sequences of 500-2000 frames each, with ran-
dom walk trajectories at speeds 0.5-2.0 m/s in
a 10 × 10 × 3 m environment. SNR ranges
from 5-25 dB with additive white Gaussian noise
and realistic multipath (3-path Rayleigh fading).
Train/val/test split: 80/10/10 sequences.

• RF-Human: Full-wave electromagnetic simu-
lation using CST Microwave Studio at 2.4 GHz.
Human models walk at 0.8-1.5 m/s through in-
door layouts with walls, furniture, and metal-
lic surfaces. 50 sequences of 1000-3000 frames
each, simulating realistic human motion patterns
and multipath propagation. Same train/val/test
split as RF-Move.
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Table 1: RF Tracking Performance (mean ± std over
3 random seeds, 20 test sequences each)

RF-Move RF-Human
Method ATE (m) ↓ F1 ↑ ATE (m) ↓ F1 ↑
Kalman Filter 0.52 ± 0.08 0.71 ± 0.05 0.89 ± 0.12 0.63 ± 0.07
RAFT-3D 0.38 ± 0.06 0.78 ± 0.04 0.71 ± 0.09 0.72 ± 0.06
Neural Scene Flow 0.41 ± 0.07 0.75 ± 0.06 0.76 ± 0.11 0.69 ± 0.08

NCF (ours) 0.31 ± 0.04 0.84 ± 0.03 0.58 ± 0.07 0.79 ± 0.04
DOMA (ours) 0.24 ± 0.03 0.87 ± 0.02 0.45 ± 0.05 0.82 ± 0.03

4.2 Training Details

All models are trained with Adam optimizer (β =
(0.9, 0.999)), learning rate 5×10−4 with cosine an-
nealing, batch size 8192 points for 200 epochs. Loss
function:

L = ∥v − v∗∥2 + λBCE(c, c∗)

where λ = 0.1 and c∗ is a binary confidence label:
c∗ = 1 if reprojection error ∥x + v∆t − xgt∥ < 0.1
m, else c∗ = 0. We apply early stopping based on
validation ATE with patience of 20 epochs.

4.3 Quantitative Results

Table 1 summarizes tracking performance on RF-
Move and RF-Human, reporting mean ± standard
deviation over three random seeds and 20 test se-
quences per seed (60 runs per method in total). We
evaluate Average Trajectory Error (ATE, in meters;
lower is better) and a voxel-wise detection F1 score
derived from the DOMA presence head.
On RF-Move, the classical Kalman filter base-

line achieves 0.52 ± 0.08m ATE and 0.71 ± 0.05 F1.
Neural optical/scene-flow baselines improve over the
Kalman filter: RAFT-3D attains 0.38± 0.06m ATE
and 0.78± 0.04 F1, while Neural Scene Flow reaches
0.41±0.07m and 0.75±0.06. Our NCF model (with-
out DOMA) further reduces error to 0.31 ± 0.04m
ATE with 0.84 ± 0.03 F1. The full DOMA architec-
ture achieves the best performance, with 0.24±0.03m
ATE and 0.87± 0.02 F1. This corresponds to a 54%
reduction in ATE relative to the Kalman baseline
(0.52 → 0.24m) and a 37% reduction relative to the
strongest neural baseline, RAFT-3D (0.38 → 0.24m),
while also improving F1 by +0.16 and +0.09 absolute
points, respectively.

On RF-Human, the gap between classical and
learned methods is even larger. The Kalman filter
baseline attains 0.89 ± 0.12m ATE and 0.63 ± 0.07
F1. RAFT-3D and Neural Scene Flow reduce the er-
ror to 0.71±0.09m (0.72±0.06 F1) and 0.76±0.11m
(0.69 ± 0.08 F1), respectively. NCF alone yields
0.58 ± 0.07m ATE and 0.79 ± 0.04 F1, highlighting
the benefit of a continuous RF-conditioned motion
field. DOMA again provides the best results, achiev-
ing 0.45±0.05m ATE and 0.82±0.03 F1. This corre-
sponds to roughly a 49% reduction in ATE versus the
Kalman filter (0.89 → 0.45m) and a 37% reduction
versus RAFT-3D (0.71 → 0.45m), alongside consis-
tent F1 gains.

All reported improvements of DOMA over the
strongest baseline (RAFT-3D) are statistically signif-
icant. We perform two-sided paired t-tests over the
60 runs per method (3 seeds × 20 test sequences). On
RF-Move, DOMA’s ATE improvement over RAFT-
3D is significant with p < 0.001, and the F1 improve-
ment is significant with p < 0.01. On RF-Human, the
ATE improvement again satisfies p < 0.001, while
the F1 improvement satisfies p < 0.005. These re-
sults confirm that the gains from NCF + DOMA are
robust and not due to random variation.

4.4 Ablations & Efficiency

We conduct ablation studies to isolate the impact of
confidence prediction and RF conditioning on track-
ing performance.

Confidence prediction. To assess the value of the
confidence head, we train a variant of NCF in which
the confidence is fixed to c(x, t) ≡ 1, so that the Mo-
tionTracker update reduces to Xt+1 = Xt + v(Xt, t)
without uncertainty weighting. This variant yields
consistently higher trajectory error: removing con-
fidence prediction increases ATE by approximately
15% across both RF-Move and RF-Human, and also
reduces the voxel-wise F1 score. These results sup-
port our design choice of learning a confidence field
and using it to gate motion integration, especially in
low-SNR and multipath-dominated regions.
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RF conditioning. We also ablate RF condition-
ing by training an NCF variant that receives only
spatio-temporal coordinates (x, t) and no RF feature
context ϕ(x, t). In this setting the network must
infer motion solely from geometry and time, ignor-
ing the electromagnetic structure of the scene. This
variant further degrades performance: ATE increases
by roughly 22%, and detection performance drops,
particularly on RF-Human where multipath and co-
channel interference are prominent. The comparison
between this variant and the full model highlights
the role of RF-aware conditioning in disambiguating
overlapping trajectories and reflections.

Computational efficiency. We benchmark run-
time on a single NVIDIA RTX 3080 GPU. For a
643 RF voxel volume, NCF inference requires 12.3ms
per frame, including feature queries and motion-field
evaluation. Adding DOMA’s transformer (4 layers,
8 heads, hidden size 512) incurs an additional 4.7ms
per frame, for a total of 17.0ms per frame (≈ 59
FPS). Peak memory usage is 2.1GB for NCF alone
and 2.8GB for the full DOMA pipeline. These num-
bers indicate that our method is compatible with
real-time RF sensing applications while providing
substantially improved accuracy over classical and
neural baselines.

4.5 Qualitative Analysis

Figure 3 visualizes dense correspondence fields and
tracked trajectories on RF-Human sequences. The
arrows show the predicted motion vectors, while the
color map encodes RF intensity; the tracked path and
detected object are overlaid.
We highlight three representative scenarios. First,

in sequences with RF shadowing behind metal-
lic obstacles, DOMA maintains a stable track as
the target moves in and out of line of sight. The
learned confidence field assigns low confidence to
heavily shadowed voxels, so the MotionTracker natu-
rally down-weights unreliable updates instead of com-
mitting to erroneous jumps. Second, in cluttered
environments with strong multipath, NCF pro-
duces smooth, globally consistent flow fields that dis-
tinguish between direct paths and reflections. Here,

Dense RF Correspondence Field with Tracked Trajectory

RF Intensity
Motion Vectors
Tracked Path
Detected Object

Figure 3: Dense correspondence fields and tracked
trajectories in RF-Human sequence.

RF conditioning is crucial: the model leverages lo-
cal RF features ϕ(x, t) to suppress spurious mo-
tion vectors associated with ghost paths. Third, in
sequences with multiple co-channel interferers,
DOMA’s transformer-based temporal modeling dis-
entangles overlapping trajectories and maintains sep-
arate tracks over long horizons, even when targets are
briefly co-located in space.

Across all scenarios, the learned confidence maps
correlate with regions of high uncertainty (e.g., deep
shadow, strong multipath), and DOMA’s predictions
remain visibly more stable than those of deterministic
baselines. These qualitative results complement the
quantitative metrics in Table 1, illustrating that NCF
provides a coherent dense motion field while DOMA
turns it into robust, long-term RF tracking.

5 Conclusion

We introduced Neural Correspondence Fields (NCF)
and the DOMA tracking architecture for RF-based
trajectory estimation and dense motion field reason-
ing. By conditioning a continuous space–time mo-
tion field on local RF features and coupling it with
a transformer-based detector, our approach substan-
tially improves both trajectory accuracy and detec-
tion quality on two synthetic RF benchmarks. Across
RF-Move and RF-Human, NCF+DOMA cuts Aver-
age Trajectory Error by roughly half compared to a
classical Kalman filter and by more than one third
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compared to strong neural baselines such as RAFT-
3D and Neural Scene Flow, while also achieving con-
sistently higher voxel-wise F1. These gains are sta-
tistically significant over multiple seeds and test se-
quences, indicating that the benefits are robust and
not due to random variation.

Our ablation studies highlight two design choices
that are particularly important for RF tracking.
First, the learned confidence field—used to gate Mo-
tionTracker updates—is crucial for stability in low-
SNR and multipath-dominated regions; removing it
increases trajectory error and degrades detection per-
formance. Second, explicit RF conditioning via local
features ϕ(x, t) leads to marked improvements over
coordinate-only variants, especially in settings with
strong multipath and co-channel interference. To-
gether, these results suggest that RF-aware condi-
tioning and uncertainty modulation are key inductive
biases when extending continuous neural fields from
RGB to RF sensing.

From a systems perspective, NCF+DOMA is com-
patible with real-time operation. On a single com-
modity GPU, our implementation processes 643 RF
voxel volumes at approximately 59FPS with modest
memory usage, while still outperforming both clas-
sical and neural baselines. Qualitative results on
RF-Human sequences show that the model main-
tains stable tracks through RF shadowing, disam-
biguates cluttered multipath, and separates multiple
co-channel interferers over long horizons, providing
interpretable dense correspondence fields alongside
trajectory estimates.

This work takes a first step toward treating RF en-
vironments as continuous dynamic fields rather than
sparse point estimates, but several limitations re-
main. Our evaluation is currently restricted to syn-
thetic benchmarks with known geometry, and we do
not yet address identity management or joint sens-
ing and control. Future work includes deploying
NCF+DOMA on real mmWave, UWB, andWiFi CSI
systems, integrating more detailed forward models
and domain adaptation strategies, and extending the
framework to multi-target tracking with uncertainty-
aware planning and active sensing.
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