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Abstract

Continuous cardiac monitoring during sleep is vital for de-
tecting silent arrhythmia and other nocturnal cardiac events.
While electrocardiogram (ECG) is the clinical gold standard,
its reliance on electrodes and physical contact makes it in-
trusive for daily long-term use. Millimeter-wave (mmWave)
radar offers a compelling non-contact alternative by capturing
cardiac-induced chest-wall micro-vibrations. Existing radar-
to-ECG methods often rely on direct waveform regression,
assuming posture-stable mappings that break under natural
sleep movements and obscure true cardiac rhythms. Inspired
by the modality-invariant perception observed in speech and
vision, we introduce mmJEPA-ECG, a physiology-guided
framework for reconstructing clinical ECGs by anchoring
radar sensing to invariant cardiac dynamics. It addresses two
fundamental challenges: (i) disentangling robust cardiac rep-
resentations from posture-induced artifacts, and (ii) gener-
alizing ECG reconstruction across individuals under signal
ambiguity. To address these challenges, Physiology-Oriented
Self-Supervised Pretraining builds on a Joint Embedding Pre-
dictive Architecture (JEPA) with domain-informed masking
and heart rate consistency to extract posture-robust cardiac
embeddings. Conditional Diffusion-based ECG Reconstruc-
tion then generates personalized ECG waveforms through a
hierarchical conditional diffusion process by spectral fidelity
and denoising constraints. Extensive experiments on both
public and self-collected multi-subject datasets demonstrate
that our method outperforms state-of-the-art across waveform
and rhythm metrics, halving R-R peak errors even under pos-
ture shifts and arrhythmic conditions.

Introduction
Cardiovascular diseases (CVDs) are the leading cause of
death worldwide, claiming over 17.9 million lives annu-
ally (WHO 2025). Patients with obstructive sleep apnea
(OSA) face heightened risk: nearly 46% of sudden car-
diac deaths (SCDs) occur silently during sleep (Gami et al.
2005)(Jaspan et al. 2024), when symptoms go unnoticed
in the absence of monitoring. These unobserved noctur-
nal events underscore an urgent need for continuous, unob-
trusive cardiac monitoring during rest. Electrocardiogram
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(ECG) is the clinical gold standard for assessing cardiac
health (Siontis et al. 2021). Yet conventional tools (e.g.,
Holter monitors (DiMarco and Philbrick 1990) and im-
plantable recorders (Brignole et al. 2009)) are intrusive and
costly for long-term home use (Walsh III, Topol, and Stein-
hubl 2014)(Mercuri et al. 2019).

This has sparked growing interest in non-contact ECG
monitoring using ambient Radio Frequency (RF) signals
including ultra-wideband (UWB) (Wang et al. 2023), and
millimeter-wave (mmWave) (Chen et al. 2022) which cap-
turing thoracic micro-vibrations induced by heartbeats and
use deep-learning model to map the relation between heart
vibration and electrical activity. They work well under fixed
conditions but degrades with posture shifts, particularly in
lateral or reclined sleep positions due to reduced signal qual-
ity from altered reflections (Zhang et al. 2024), which limit
their usage. A common workaround, inspired by the scaling
law (Kaplan et al. 2020), is to collect posture-diverse train-
ing datasets for domain transformation. However, this ap-
proach is time-consuming, labor-intensive, and challenging
to scale in real-world settings, as it requires lots of synchro-
nized data collection and annotation across various postures.

Just as robust perception in speech and vision an-
chors to invariant meaning, recognizing a word across ac-
cents (Huang et al. 2022), or identifying an object from
any angle (Chen, Ye, and Du 2022), we argue that ro-
bust cardiac sensing should anchor to physiology. While
mmWave signals dramatically across postures, respiration,
and occlusions, the underlying cardiac rhythm remains con-
sistent. This motivates a paradigm shift: rather than di-
rectly mapping distorted signals to ECGs, we aim to learn a
physiology-aligned representation that preserves intrinsic
cardiac rhythm while remaining invariant to external distor-
tions. Achieving this vision poses two key challenges:
• Posture-Induced Representation Drift (C1). Postural

changes reshape radar reflections to such an extent that
identical heartbeats yield drastically different signal pat-
terns. Without explicit constraints, models trained on raw
geometry produce embeddings that drift with posture, fail-
ing to isolate rhythm-consistent features.

• Physiological and Morphological Variability across In-
dividuals (C2). Even if a stable rhythm is captured, map-
ping it to ECG remains ill-posed: the same latent rhythm
can manifest as different waveforms across individuals
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and conditions. This inherent ambiguity poses significant
challenges for deep generative models, which must learn
to capture the full variability and complexity of physiolog-
ical signal distributions (Bond-Taylor et al. 2021).
To this end, we introduce mmJEPA-ECG, a physiology-

guided framework that reconstructs clinically reliable ECGs
from mmWave radar by anchoring sensing to invariant car-
diac dynamics. Figure 1 depicts the practical application,
with the device mounted above the bed to contactless moni-
tor ECG signals continuously even as the user changes pos-
ture. To address C1, we design a Physiology-Oriented Self-
Supervised Pretraining scheme based on Joint Embedding
Predictive Architecture (JEPA) (Assran et al. 2023), incor-
porating domain knowledge to learn posture-robust cardiac
embeddings. The core idea is to predict masked informa-
tion directly within the latent space, rather than recon-
structing them. Multi-channel mmWave signal patches are
masked across temporal, channel, and spatiotemporal views
to capture periodic rhythms and posture-dependent repre-
sentation. Additionally, a heart rate consistency constraint
aligns embeddings with periodic cardiac dynamics. To ad-
dress C2, we implement a Conditional Diffusion-based ECG
Reconstruction that models reconstruction as a stochastic
denoising process, enabling the clinically salient features
across diverse plausible outputs. Generation is regularized
by two domain-informed objectives:(i) noise-prediction loss
enforces stable denoising trajectories under ambiguous em-
beddings. (ii) frequency alignment loss promotes spectral
coherence with ground-truth ECGs. Our main contributions
are listed as follows:
• We propose mmJEPA-ECG, the first physiology-guided

framework to anchor mmWave cardiac sensing to
posture-invariant dynamics, addressing the breakdown of
mapping-based methods under sleeping posture shifts.

• We design Physiology-Oriented Self-Supervised Pretrain-
ing which disentangles posture invariant cardiac repre-
sentations via semantically multi-granularity masking and
heart rate consistency, and utilize Conditional Diffusion-
based ECG Reconstruction that leverages diffusion mod-
els enhanced by Hierarchical Radar Conditioning (HRC)
to effectively integrate radar-derived physiological priors,
enabling robust ECGs generation.

• Experimentally, we evaluate mmJEPA-ECG using MMECG
public dataset and a nearly 300GB self-collected in-house
dataset (10 subjects). mmJEPA-ECG generalizes across
challenging real-world conditions which achieving 2×
lower ECG R-R peak relative error (from 15ms to 8ms)
and higher waveform correlation (from 0.91 to 0.95)
in supine posture, and uniquely preserving reconstruc-
tion fidelity under side-lying distortions and pathological
rhythms (e.g., arrhythmia, tachycardia).

Codes — https://github.com/lanyangyang/mmJEPA-ECG

Related Work
ECG Reconstruction by mmWave Signal
Non-contact ECG monitoring with mmWave radar aims
to map the relationship between cardiac electrical activity
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Figure 1: The application scenario of mmJEPA-ECG, which
provides contactless ECG monitoring under multi-posture.

and thoracic vibrations. CardicWave (Xu et al. 2021) pio-
neers the Cardiac-mmWave Scattering Effect (CaSE) frame-
work, leveraging electromagnetic scattering theory to re-
construct ECG yet overlooking RF characteristics. Subse-
quently, mmECG (Chen et al. 2022) exploits mmWave RF
properties through transformer and Temporal Convolution
Network (TCN) to map micro-vibrations to ECG; however,
its performance degrades under noisy or complex data. RF-
ECG (Wang et al. 2023) extends this paradigm to UWB
signals, combining conditional Generative Adversarial Net-
work (GAN) but suffers from mode collapse and heavy
data demands. RSSRnet (Wu et al. 2023) uses U-net atten-
tion for reconstruction but is high frequency noise-sensitive;
AirECG (Zhao et al. 2024) proposes a cross-domain diffu-
sion model with calibration, improving ECG reconstruction
yet raising complexity and data needs; RadarODE (Zhang
et al. 2025) embeds Ordinary Differential Equation (ODE)
decoders for interpretability, yet remains data-specific.

Preliminary
Physiological Basis of mmWave radar-to-ECG
mmWave radar provides a high-resolution (Deng, Xue,
and Chen 2025), non-contact modality for sensing sub-
millimeter thoracic cavity vibrations arising from cardiac
activity even in darkness (Xu et al. 2022). Specifically, Fre-
quency Modulated Continuous Wave (FMCW) radar trans-
mits chirp signals and analyzes their phase shifts ϕ(t) to
track surface displacements (Li et al. 2021) defined as:

ϕ(t) =
2πd(t)

λ
(1)

where d(t) is chest displacement and λ is the radar wave-
length, encoding cardiac-induced micron-scale motions.

The feasibility of radar-based ECG reconstruction arises
from the heart’s electromechanical coupling: each ECG seg-
ment (P wave, QRS complex, T wave) represents an elec-
trical event that induces mechanical responses (Quinn and
Kohl 2021) such as myocardial contraction and blood flow.
These mechanical actions generate periodic thoracic vibra-
tions, cause phase shifts in radar signals, which can be ex-
tracted and temporally aligned with cardiac activity, provid-
ing a biophysically grounded surrogate for ECG signals.
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Problem Formulation
We formalize ECG transformation from mmWave radar as
structured cross domain generation task that decodes cardiac
electrical dynamics from radar phase condition. Specifically,
given a mmWave phase signal sequence Xi = [ϕ1

i , · · · , ϕT
i ]

associated with subject i, the goal is to learn a function
Dθ that reconstructs the corresponding ECG waveform se-
quence Yi = [e1i , · · · , eTi ].

Ŷi = Dθ(Xi, ϵ), ϵ ∼ N (0, I) (2)

where ϵ is Gaussian noise with identity matrix N (0, I).

Methodology
In this section, we outline the methodology of mmJEPA-
ECG with three components (illustrated in figure 2):
• Data Pre-processing: Extracts and amplifies thoracic

micro-vibrations from radar data using range-Fast Fourier
Transform (FFT) and beamforming, followed by suppres-
sion of motion artifacts with filtering.

• Physiology-Oriented Self-Supervised Pretraining: Ex-
tends JEPA with domain-specific adaptations for C1.
Specifically, (i) tokenize pre-processed thoracic vibration
signal into cardiac cycle aligned temporal patch embed-
dings; (ii) apply multi-granularity masking across time
and spatial views to simulate structured corruption; (iii)
enforce heart rate consistency across views to regularize
embeddings and align with underlying vital dynamics.

• Conditional Diffusion-based ECG Reconstruction:
Adopt probabilistic treatment for C2, as (i) we utilize
Diffusion Transformer (DiT) with HRC, integrating pre-
trained radar features across layers for fine-grained cross-
modal conditioning; (ii) enforce dual-domain supervision
by applying a time-domain loss for noise prediction and
a frequency-domain loss for the generated signals, ensur-
ing both morphological and spectral fidelity; (iii) apply
Denoising Diffusion Implicit Models (DDIM) based fast
sampling to enable real-time, high-fidelity ECG synthesis.

Data Pre-processing
To ensure high-fidelity ECG reconstruction, we implement a
radar signal processing pipeline that (i) localizes the thoracic
wall via maximum vibration energy detection, (ii) uses sum-
and-delay beamforming to enhance target signals over the
thoracic surface, and (iii) applies second-order differential
filtering to suppress respiratory interference while preserv-
ing fine-grained cardiac micro-vibrations.

Distance-Domain Projection: We begin with the raw
mmWave radar signals and convert them into a range
FFT (Brigham and Morrow 1967) data cube to analyze re-
flections across different distances. To localize the thoracic
region primarily driven by cardiac motion, we compute the
vibration energy at each range bin and select the one with
maximal energy, using round-trip length (RTL) analysis:

RTL = argmax
r

∑
t

|S(r, t)|2 (3)

where S(r, t) is the radar signal at range r and time t.

Beamforming to Enhance Target Voxel Signal: To fur-
ther enhance the signal quality at the target thoracic region,
we perform sum-and-delay beamforming (Matrone et al.
2014) across all antenna channels. This coherently aligns
and aggregates signals from different radar elements. The
final signal martrix as S(x, y, z, t):

S(x, y, z, t) =
N∑

n=1

T∑
t=1

yn,t e
j2π

kd(x,y,z,n)
c t ej2π

d(x,y,z,n)
λ

(4)
where yn,t is the signal from the n-th antenna at time t,
d(x, y, z, n) is its distance to the scan point (x, y, z), λ is
the wavelength and c is the speed of light.

Cardiac Micro-Vibration Extraction and Filtering: We
extract the phase signal ϕ(t) from the focused voxel, which
captures sub-millimeter displacements of the thoracic wall
induced by cardiopulmonary activity as Eq. (1) where d(t)
is the instantaneous thoracic displacement. Since this phase
includes both cardiac and respiratory components, we ap-
ply a second-order differential filter (Holoborodko 2014) to
suppress low-frequency respiratory effects and retain high-
frequency cardiac micro-vibrations as ϕ′′

0 :

ϕ′′
0 =

(ϕ−3 + ϕ3) + 2 (ϕ−2 + ϕ2)− (ϕ−1 + ϕ1)− 4ϕ0

16 (∆t)2

(5)
where ϕk is the value at k, and ∆t is the sampling interval.

Physiology-Oriented Self-Supervised Pretraining
To address C1, we introduce Physiology-Oriented Self-
Supervised Pretraining, which extends the Image-JEPA (As-
sran et al. 2023) with domain-specific adaptations to
mmWave radar signals. While Image-JEPA is effective in
visual domains, it falls short in our setting due to two key
issues: (i) structured multi-view corruption arising from oc-
clusions, and posture variation; and (ii) the absence of phys-
iological coherence across masked views.

To this end, we design three coordinated mechanisms:
i) Temporal Patch Tokenization segments radar inputs into
patch tokens; ii) Multi-Granularity Masked Strategies oc-
cludes time and space simulate posture induced partial input;
and iii) Vital Sign Regularization via Heart Rate Consistency
enforces physiological invariance across views.

Temporal Patch Tokenization: We first partition Xi ∈
RT×C into N non-overlapping temporal patches to pre-
serve local physiological patterns (e.g., waveform morphol-
ogy within a cardiac cycle) (Nie et al. 2022). Each patch is
added with learnable position embedding.

Pi = (Xi[(n− 1)W + 1 : nW ])
N
n=1 , Pi ∈ RN×W×C

(6)
Here, Pi is a sequence of N non-overlapping temporal
patches of length W , C is the number of channels.

Multi-Granularity Masked Strategies: To enforce ro-
bustness under real-world corruptions, we define three dis-
tinct mask targets in: Physiology-Oriented Self-Supervised
Pretraining as Figure 2: (i) temporal masking Mtime (ran-
dom patch removal on time axis), (ii) channel masking
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Figure 2: System overview with three strategies: (i) Data processing (ii) Physiology-Oriented Self-Supervised Pretraining (iii)
Conditional Diffusion-based ECG Reconstruction.

Mchan (random patch removal on channel axis), and (iii)
joint masking Mjoint (random block patches combined tem-
poral and spatial disruptions).

We first select an observation region non-overlapping
with the masked area as the context input P(ob)

i for the con-
text encoder fθ, while all patches are fed to the target en-
coder f ′

θ updated via momentum. The context encoder out-
put fθ(P(ob)

i ) is combined with mask tokens η and passed
to the predictor gφ. This process repeats for each masking
strategy m, yielding predictions ẑ

(m)
i with shared weights.

Predicted features are compared with the corresponding re-
gions of the target encoder output z∗i as described in Eq. (7):

ẑ
(m)
i = gφ(fθ(P(ob)

i ) + η), z∗i = [f ′
θ(Pi)]m (7)

Vital Sign Regularization via Heart Rate Consistency:
Although the multi-mask strategy enhances context-aware
feature learning, it does not explicitly enforce physiological
consistency across postures. To address this, we design an
auxiliary task that employs heart rate, computed from each
radar patch via band-pass filtering (0.18–2.5 Hz) and peak
detection, as a posture-invariant physiological anchor.

In this task, each patch is assigned a pseudo ground-
truth heart rate label hi. The predictor gφ not only predicts
the mask representation but also predicts the correspond-
ing heart rate ĥi based on the observation data. We define
a weighted mean squared error as the vital sign consistency
loss as Lvt.

Loss Function of Pretraining Stage: Our pretraining ob-
jective jointly optimizes semantic representation learning
and physiological consistency as a total loss (LmmJEPA):

LmmJEPA = Lmask + λvtLvt (8)

where the loss terms Lmask and Lvt are,

Lmask =
1

N

N∑
i=1

∑
m∈M

∥∥∥ẑ(m)
i − z∗i

∥∥∥
1

(9)

Lvt =
1

N

N∑
i=1

wi

(
ĥi − hi

)2

, wi =

{
Wa, if |ĥi − hi| < δ

Wb, otherwise
(10)

where δ is a physiological tolerance (e.g., 5 BPM), and
Wb ≫ Wa emphasizes large deviations. M indexes the
masking targets (Mtime,Mchan,Mjoint).

Conditional Diffusion-based ECG Reconstruction
Pretraining on radar data yields generalizable representa-
tions, which subsequently guide accurate ECG reconstruc-
tion. To address C2, we design DiT (Peebles and Xie
2023a) with Hierarchical Radar Conditioning (HRC) to re-
construct ECG with context from Physiology-Oriented Self-
Supervised Pretraining encoder using three mechanisms:

HRC-DiT for Noise Prediction: The training objective
of diffusion-based models is to predict the added noise on
data at each step. In inference, it follows a fixed denoising
process, starting with pure noise input and iteratively recon-
structing the data. Specifically, as illustrated in Figure 3, the
HRC-DiT block receives the Gaussian-noise-perturbed ECG
Et

i as input and uses the radar signal Xt
i as condition. The

objective is to estimate added noise ϵθ at each step.
The HRC-DiT consists of 6 stacked blocks, each inte-

grating two core components: Multi-Head Self-Attention
(MHSA) for modeling temporal dependencies within the
ECG, and Multi-Layer Cross-Attention (MLCA) (Wang
et al. 2024) for radar-conditioned fusion. At each block,
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Figure 3: The stacked HRC-DiT diffusion backbone.

MHSA is first applied to the ECG token embeddings eti to
capture intra-beat representation. The resulting features are
then fused with radar context zti via MLCA, enabling joint
modeling of ECG dynamics and radar priors. Formally, the
radar-conditioned hidden representation is defined as:

H = MLCA
(
MHSA(LN(eti)) + eti, z

t
i

)
(11)

where LN(·) denotes layer normalization.
To further enhance generative flexibility across diffusion

steps, we employ Adaptive LayerNorm (AdaLN) (Peebles
and Xie 2023a) with learnable, timestep-dependent scaling
and shifting:

AdaLN(h, t) = γ(t) · LN(h) + β(t) (12)
where h denotes the current hidden state, and [γ(t), β(t)] =
MLP(t), with learnable Multilayer Perceptron (MLP) that
maps diffusion timestep t to scale and shift parameters.

Fast Deterministic Sampling: To meet real-time con-
straints, we adopt deterministic DDIM sampling (Song,
Meng, and Ermon 2020) in place of the standard stochas-
tic approach, enabling efficient generation with significantly
fewer steps. DDIM at each timestep is updated by:

xt−1 =
√
αt−1 Dθ(xt, t) +

√
1− αt−1 z, (13)

where Dθ(xt, t) denotes the model prediction at step t, z =
0 for deterministic sampling, and αt−1 denotes the signal
retention factor at step t− 1 in the diffusion process.

Loss Function of Diffusion: To ensure both morphologi-
cal accuracy and diagnostic fidelity, we supervise the model
with two complementary objectives: (i) a noise prediction
loss (Peebles and Xie 2023b), and (ii) a frequency-domain
loss between the generated and ground truth signals. The fi-
nal loss function Ldiffusion as Eq. (14)

Ldiffusion = Lnoise + λfreq Lfreq (14)
where the loss terms are defined as,

Lnoise = MSE
(
ϵθ(e

t
i, t, zt

i), ϵ
)

(15)

Lfreq = MAE
(
F(Ŷt

i), F(Yt
i)
)

(16)

where ϵ is the true noise, ϵθ the predicted noise, eti is the
noisy ECG, and zt

i the radar condition at time step t. Ŷt
i and

Yt
i are generated and reference ECG signals, and F denotes

the Fourier transform.

Experiments
Evaluation Settings
Datasets. We evaluate our model on two datasets:

• MMECG (Public Benchmark, only supine posture): This
dataset contains 91 trials from 11 subjects (age from 18
to 65), each providing 3 minutes of synchronized radar
and ECG signals sampled at 200 Hz. Data spans four test
conditions: normal/abnormal breathing, post-exercise, and
sleep, which apply diverse cardiac dynamics.

• Self-collected (Multi-Posture): Our in-house dataset con-
sists of two parts (i) Unpaired Radar Data: 280 GB of
overnight mmWave radar data recordings from 3 subjects;
(ii) Paired Radar–ECG Data: 3 GB synchronized data of
3 hours recording from 10 subjects (6 males, 4 females),
evenly collected across three postures (i.e., supine, left-
/right lateral). Both radar and ECG data are sampled at
200Hz. This setup highlights mmJEPA-ECG can be ef-
fectively trained with limited paired data.

Baselines. We compare our model with five baselines: (i)
MMECG (Chen et al. 2022) uses temporal convolutional
and transformer-based model for radar-to-ECG mapping.
(ii) Rssrnet (Wu et al. 2023) designs a U-Net encoder-
decoder with STFT weights for ECG reconstruction. (iii)
RF-ECG (Wang et al. 2023) utilizes a GAN-based frame-
work for ECG generation. (iv) AirECG (Zhao et al. 2024)
leverages a diffusion-based model for radar-to-ECG gener-
ation. (v) RadarODE (Zhang et al. 2025) uses neural ODE
solvers to model radar-to-ECG translation.

Evaluation Metrics. We evaluate mmJEPA-ECG with
three types of metrics that are widely used in prior studies:

• Event-based Timing Errors Metrics: We quantify the
time accuracy of key cardiac events (Q-Q, R-R, T-T, S-S)
by measuring absolute timing errors between correspond-
ing peaks in the generated and reference ECGs, reflecting
the precision for clinical interpretation.

• Morphological Metrics: We report normalized cosine
correlation (CC) and root mean square error (RMSE) to
assess the waveform fidelity and the overall performance.

• Interval-based Clinical Metrics: We assess clinically
relevant intervals (Chazal 2004), which including R-R,
QRS, Q-T, and P-R by computing relative differences.
This metric are used in downstream task as they are es-
sential for arrhythmia and heart rate variability analysis.

Implementation Details. (i) Data Acquisition Platform:
We employ a TI IWR6843AOP FMCW mmWave radar (3
Tx, 4 Rx) integrated with DCA1000EVM board, ICBOOST
board (Texas Instruments 2024) and a CFDA certified PC-
80B ECG monitor (Shenzhen Creative Industry 2024) (both
are sampled at 200 Hz). The radar is mounted 50cm above
the chest and face toward the target as shown in figure 4.
(ii) Experiments Settings: Radar data are segmented into
512-sample windows with 50 channels. The mmJEPA en-
coder is a two-layer Patch Transformer (Nie et al. 2022)
(dmodel=192, dff=256, 8 heads), with patch size and stride
of 32. Multi-granularity masking with (2 time, 10 channel,
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Supine Posture Multi-Posture
Methods Q-Q R-R S-S T-T RMSE CC Q-Q R-R S-S T-T RMSE CC
MMECG (2022)* 0.048 0.023 0.029 0.035 0.120 0.855 0.067 0.036 0.047 0.039 0.203 0.697
Rssrnet (2023)* 0.017 0.020 0.018 0.021 0.112 0.916 0.055 0.049 0.050 0.047 0.189 0.652
RF-ECG (2023)* 0.075 0.018 0.035 0.064 0.170 0.803 0.062 0.060 0.057 0.067 0.223 0.565
AirECG (2024) 0.035 0.020 0.023 0.020 0.168 0.823 0.073 0.069 0.074 0.071 0.252 0.441
RadarODE (2025) 0.027 0.015 0.020 0.023 0.097 0.896 – – – – 0.392 0.235
Ours 0.010 0.008 0.011 0.010 0.069 0.952 0.011 0.008 0.009 0.013 0.088 0.924

Table 1: Comparison with current radar-ECG reconstruction methods on supine and multi-Posture datasets. Peaks errors are
reported in seconds (s). Bold indicates the state-of-the-art result, and underline denotes the second-best. Methods marked with *
were built from scratch as no public code. − indicates the method not generate meaningful results for cardiac event evaluation.

8 × 8 block). The predictor is a single-layer Patch Trans-
former (dmodel=192, dff=64, 4 heads) with an MLP head.
Diffusion-based model uses stacked 6 HRC-DiT blocks
(dmodel=384, dff=1536, 6 heads), with a linear noise schedule
(βnoise=(0.0001,0.02), steps=1000). The toolkit used for car-
diac event metrics is NeuroKit2 (Makowski et al. 2021). The
platform is 4 NVIDIA RTX4090 GPU and Intel Xeon Plat-
inum 8352V CPU. Additional optimization details are pro-
vided in the Appendix.(iii) Computation & Energy. The N
attention tokens dominates computational complexity, yield-
ing O(N2) for training and O(T ×N2) for inference steps.
The model has 20.6M parameters, with per-step complexity
of 0.69 GFLOPs, with about 10ms per step latency. Power
draw averages 82W (8.2 J/sample).

Radar

ECG device Radar device Platform

Figure 4: Synchronized radar and ECG acquisition platform.

Overall Performance
Table 1 presents a comprehensive comparison across event-
based timing errors and morphological metrics. All results
are reported as normalized mean values. Among baselines,
Rssrnet performs avage well on each peaks error and cor-
relation in supine posture. RadarODE excels in R-R esti-
mation and second-best RMSE due to its continuous-time
dynamics, but lacks sufficient resolution to accurately cap-
ture smooth morphological events such as Q-Q. RF-ECG
achieves low R-R error but exhibits extremely high errors
in other intervals, suggesting it captures rhythm but sacri-
fices waveform fidelity, likely due to its adversarial objec-
tive. MMECG and AirECG achieve balanced but subopti-
mal results. However, all existing methods perform poorly
when evaluated on different postures, as they fail to extract
the underlying physical consistency across postural varia-
tions. RadarODE even not able to generate meaningful car-
diac pattern, making it impossible to compute certain cardiac
event errors due to limitation of its ODE structure.

In contrast, mmJEPA-ECG achieves state-of-the-art per-
formance across all metrics, with consistent improvements
in both cardiac event accuracy (up to 50% error reduction
in the supine posture) and waveform similarity. These im-
provements stem from self-supervised pretraining and con-
ditional diffusion-based reconstruction, which jointly pre-
serve global rhythms and detailed morphological features
essential for clinically valid ECG synthesis. Figure 5 visu-
alizes our reconstructed ECG signals, which closely match
the reference over multiple cycles and key cardiac events.

P

Q

R

S

T

PR

QRS
QT

R

RR

Time (ms)

Reference ECG Generated ECG

0 100 200 300 400 500

Figure 5: (a) Cardiac events (b) Generated vs reference.
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Figure 6: Ablation studys of different mask strategies and
different weights of vital sign consistency loss.

Key Component Assessment
To evaluate pre-training components, we conduct an ab-
lation study on two aspects: (i) the proposed Multi-
Granularity Masked Strategies versus random time masking
under different pre-training epochs; (ii) the weight of vital
sign consistency loss in mmJEPA-ECG pre-training. All re-
sults are reported after full training, with only encoder con-
figurations differing across variants.

We focus on morphological metrics since competing
methods fail to generate meaningful cardiac events. Fig-
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ure 6 shows that our multi-granularity masking strategy
significantly improves both correlation and RMSE over
50–200 training epochs, while random masking fails to learn
posture-invariant features (stagnant performance). Notably,
removing the vital sign consistency loss reduces correla-
tion and increases RMSE, whereas introducing even a small
weight (e.g., 0.05) yields substantial gains.

Robustness Analysis with User Independence Test
To evaluate generalization to unseen users, we perform 10-
fold user-independent cross-validation on the self-collected
dataset (6 males, 4 females), holding out one subject per fold
for testing and training on the other nine. Relative errors of
four cardiac peaks (Q, R, S, T) are computed per subject and
normalized by cardiac intervals to yield error ratios.

As shown in Figure 7, the relative errors of all four car-
diac peaks remain consistently low across all 10 subjects,
generally below 6%. There are individual differences among
subjects; for example, Subject 3 exhibits the lowest R-R er-
ror, while its S-S error is comparatively higher. The CC and
RMSE exhibit little variation among subjects. The low vari-
ance across subjects demonstrates the mmJEPA-ECG’s ro-
bust performance and adaptability to individual cardiac dy-
namics without prior exposure.
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Figure 7: Evaluation results of ten subjects with cardiac
events relative peaks error, CC and RMSE.

To further validate the robustness of our model, we per-
formed a supplementary Statistical Significance Test using
bootstrap resampling on our dataset. The analysis was con-
ducted over 14 groups (20 iterations, 0.8 ratio), with the fol-
lowing results: CC Mean: 0.921 ± 0.002 (95% CI [0.918,
0.925]) RMSE Mean: 0.090 ± 0.004 (95% CI [0.081,
0.096]) The bootstrap narrow confidence intervals indicate
that the results are statistically stable.

Clinical Potential: Arrhythmia Assessment
To evaluate mmJEPA-ECG’s clinical robustness, we test
it on a public dataset with arrhythmic ECG signals and
protocol-induced rhythm disturbances (Chen et al. 2022),
which includes realistic pathological challenges (e.g., tachy-
cardia, arrhythmia). We report Interval-based Clinical Met-
rics to assess its clinical potential.

Figure 8 shows our framework achieves low R-R, QRS,
and Q-T interval reconstruction errors. The P-R interval has
higher error (14.1%) due to inherent arrhythmic variabil-
ity. The reconstructed signals correlate highly with ground
truth (mean: 0.80, median: 0.92). Figure 9 shows example

results with tachycardia and arrhythmia. All the results indi-
cate mmJEPA-ECG’s reliability under abnormal conditions,
as effectively preserving important clinical cardiac events.
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Figure 8: Evaluation of clinical interval and morphology.
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Figure 9: Result samples with tachycardia and arrhythmia.

Discussion
Insight: We found that self-supervised pretraining enables
the encoder to extract robust and transferable physiological
patterns from unlabeled radar data, significantly improving
ECG reconstruction and generalization. In particular, mm-
JEPA with cross-view structure, multi-granularity mask-
ing, and physiological rhythm-aware designs effectively
captures global context and posture-invariant features essen-
tial for accurate contactless ECG monitoring.

Conclusion
This work is the first to address radar-to-ECG reconstruc-
tion across varying sleeping postures, rethinking the task
from direct signal mapping to physiology-anchored rea-
soning. We introduce mmJEPA-ECG, a physiology-guided
framework that addresses two challenges: disentangling
posture-induced artifacts from true heart rhythms, and syn-
thesizing clinically reliable ECG morphologies under am-
biguity. It addresses these challenges with two compo-
nents: a Physiology-Oriented Self-Supervised Pretraining
that learns posture-invariant cardiac embeddings via struc-
tured masking and heart-rate-guided alignment; and a Con-
ditional Diffusion-based ECG Reconstruction that stochas-
tically reconstructs clear, personalized waveforms, regular-
ized by spectral coherence and noise prediction. Empiri-
cally, mmJEPA-ECG improves waveform fidelity on both
datasets, remaining robust under posture variations and ar-
rhythmia. Looking ahead, we hope this work advances ac-
cessible, continuous health monitoring, enabling earlier dis-
ease detection and improved public health.
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Ethics Statement
All data were collected with informed consent, and pro-
cessed under data minimization and anonymization princi-
ples. Millimeter-wave radar captures only non-identifiable
physiological motion. No personal appearance or iden-
tity information can be inferred from raw millimeter-wave
(mmWave) radar signals. Distinct from conventional video
or audio sensing modalities, mmWave radar functions purely
as a radio-frequency motion sensor, capturing only low-
level, non-identifiable physiological displacement patterns.
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