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Radar-based cardiac diagnosis faces significant scalability challenges due to its heavy reliance on expert-labeled data. We
propose Radar-to-Event Net (R2E-Net), a novel cross-modal framework that recasts contactless diagnosis as a semantic
translation task into a latent cardiac event space. Our method leverages ECG-supervised event representations as a structural
prior, projecting radar signals into this shared space via a Transformer-based encoder. This unidirectional alignment enables
fully annotation-free radar diagnosis, bypassing radar label dependency while preserving physiological semantics. Moreover,
we introduce a robust spatiotemporal radar encoder, which eliminates point-selection heuristics and directly learns meaningful
motion patterns from beamforming data. Evaluated on a large-scale real-world dataset of 7,336 clinical recordings, R2E-Net
achieves an average F1 score of 82.4% without radar labels, which can even outperform radar models trained under full
supervision. Moreover, it generalizes well across age, gender, and disease subtypes, and remains robust in the presence of
interfering cardiac conditions. These results demonstrate that our approach offers a scalable, accurate, and annotation-free
solution for real-world cardiac monitoring.
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1 INTRODUCTION
Cardiovascular disease remains the leading cause of mortality worldwide [47, 59], yet early detection still depends
primarily on in-clinic diagnostics, leaving a critical gap in population-scale screening and timely intervention.
Electrocardiography (ECG), the clinical gold standard, offers precise identification of pathological events such
as atrial fibrillation (AF) and sinus bradycardia (SB) [4, 33]. However, its reliance on contact-based electrodes
and the need for qualified professionals restricts its use to clinical environments, limiting its accessibility
in daily life settings [21, 49]. Recent research has investigated radar as a contactless modality for vital sign
monitoring [1, 36, 65]. By capturing subtle chest wall motion, radar-based systems can noninvasively estimate
fine-grained cardiac activity [5, 61, 70], providing surrogate measures of cardiac function and thereby offering
the potential for unobtrusive cardiac monitoring outside clinical settings [63, 64]. However, existing studies have
largely been conducted under controlled conditions [5, 61, 70] or focus narrowly on a limited set of specific
diseases [63, 64]. Radar-based cardiac diagnostics are still under-explored in the broader real-world context, and
this gap is largely due to its reliance on expert-annotated data that fundamentally limits large-scale deployment.

With limited data, supervised radar models face two interrelated challenges, each revealing a distinct pathway
to spurious feature learning [61, 69]. First, as radar deployments scale to broader populations, the proliferation
of abnormal categories erodes the clear distinction between normal and pathological states, increasing the
complexity of the task. Spurious features, such as obvious rhythmic irregularities, sudden amplitude changes,
or waveform distortions, are less reliable and fail to generalize [50]. Previous studies, which mainly involved
highly regular heart patterns with only a few isolated and well-defined anomalies, may therefore struggle to
reveal the pathological complexity of arrhythmia. Second, due to the rarity of specific cardiac conditions [16, 73],
the problem exhibits extreme class imbalance. This scarcity makes models more susceptible to overfitting, a
challenge further amplified by the nature of radar signals. Unlike ECG, which is dominated by structured, sharp
transient components [44, 52], radar signals exhibit high-dimensional, non-stationary motion patterns [1]. They
also contain substantial environmental and human-related information that is difficult to filter out, making
models more likely to memorize incidental noise [9, 58, 62]. Consequently, scaling radar-based diagnosis may
require larger and more diverse datasets, while the annotation remains a slow, resource-intensive process that
typically requires specialized expertise [13, 21].
To overcome the persistent annotation bottleneck, we propose a radar-to-event network (R2E-Net) that

translates radar signals into an ECG-derived latent space, learned from large-scale annotated ECG data [11, 13,
21].This shifts radar-based cardiac diagnosis from direct classification to an ECG-supervised paradigm, which only
requires paired ECG signals and enables annotation-free radar data acquisition. Although hospital-collected ECG
data naturally provide diagnostic labels, they are confined to clinical sites and accumulate only slowly [13, 21].
In contrast, our approach extends proactive collection to non-diagnostic settings, such as homes, elder care
facilities, and community screenings. This approach can help broaden coverage to more diverse populations and
environments that may be underrepresented in hospital-based collection.

Since the ECG-derived latent space can be learned as a disentangled representation of cardiac events [11, 43],
supervising radar signals within this space helps suppress information unrelated to cardiac dynamics, such as
environmental noise and motion artifacts. To construct this space, we train an ECG autoencoder to capture
temporally localized cardiac dynamics that are both diagnostically discriminative and faithful to waveform
morphology. These latent events provide a structured representation of cardiac cycles, capturing diagnostically
relevant variations (e.g., arrhythmic patterns or waveform irregularities) in a way that remains consistent across
patients and conditions. Radar signals, which are high-dimensional and entangled with non-cardiac motion, are
mapped into this event space, encouraging the model to retain only components relevant to cardiac dynamics.
Because the ECG-derived latent space inherently does not contain interference from the radar domain, we
can bypass traditional point-selection heuristics, which extract the most salient physiological signals but may
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Fig. 1. Real-world data acquisition setup. Left: Clinical deployment of radar-based sensing. Middle: Radar sensing mechanism
for vital signs. Right: Internal structure of the radar device.

overlook information at certain moments. Instead, we feed the complete beamforming radar data directly into
the model, reducing information loss while eliminating the need for intricate preprocessing.
R2E-Net projects radar signals into ECG-derived event space through one-way semantic transfer, which is

closely related to cross-modal knowledge distillation and alignment, but has fundamentally different supervision
strategies. Knowledge distillation [14] typically transfers knowledge by using a pretrained model in one modality
to supervise a student in another, but it relies on paired data from both modalities for effective supervision. By
comparison, cross-modal alignment [8] can be annotation-free and embeds both modalities into a shared latent
space. However, enforcing complete alignment can be counterproductive because the low-entropy structure
of ECG signals can be distorted by the high-dimensional and redundant radar features, which often leads to
spurious correspondences. R2E-Net adopts a unidirectional supervision scheme as a constraint, which preserves
the ECG representation in its original diagnostic form and guides radar features to capture only clinically relevant
semantics. As a result, it can enable zero-shot generalization because radar projections can be directly classified
by the ECG-trained model.
Our contributions are threefold:

• Annotation-free diagnostic paradigm. We recast radar-based cardiac diagnosis as a latent event translation
task, projecting radar signals into an ECG-derived event space and eliminating the need for radar-specific
annotations.
• End-to-end spatiotemporal radar model. We develop a robust model that consumes beamforming data
directly, avoiding point-selection heuristics and improving generalization in real-world, noise-prone environ-
ments.
• Extensive clinical validationWevalidate R2E-Net on 7,336 clinical recordings, demonstrating its annotation-free
capability alongside strong diagnostic performance across diverse patients and arrhythmias.

2 RADAR-BASED MODELING FOR CARDIAC DIAGNOSIS
Our study leverages a compact linear frequency-modulated continuous-wave (FMCW) radar system for non-
contact cardiac monitoring. As illustrated in Fig. 1, the device is deployed in a clinical environment, positioned
near the patient’s bed without requiring physical contact. The radar emits low-power signals and captures subtle
chest wall displacements caused by respiration and heartbeat. Vital sign information can be computed from these
to enable continuous and unobtrusive monitoring.
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2.1 Sensing Principle
The transmitted signal of FMCW radar is defined as [26]:

𝑠𝑡𝑥 (𝑡) = 𝐴𝑡𝑥 cos(2𝜋 𝑓0𝑡 + 𝜋𝛼𝑡2), (1)

where 𝐴𝑡𝑥 is the amplitude, 𝑓0 is the initial frequency, and 𝛼 = 𝐵/𝑇 is the frequency sweep slope determined by
the bandwidth 𝐵 and the sweep period 𝑇 .

Assuming the radar signal reflects off the chest at distance 𝑑0 +𝑥 (𝑡), with 𝑥 (𝑡) representing chest displacement
caused by combined cardiopulmonary motion, the received signal can be written as:

𝑠𝑟𝑥 (𝑡) = 𝐴𝑟𝑥 cos(2𝜋 𝑓0 (𝑡 − 𝜏) + 𝜋𝛼 (𝑡 − 𝜏)2), (2)

where 𝐴𝑟𝑥 is the received amplitude and 𝜏 is the round-trip delay time:

𝜏 (𝑡) = 2(𝑑0 + 𝑥 (𝑡))
𝑐

. (3)

The mixer multiplies the transmitted and reflected signals. After low-pass filtering, an intermediate-frequency
signal is obtained:

𝑠𝐼𝐹 (𝑡) = 𝐴𝐼𝐹 cos (2𝜋 𝑓𝐼𝐹 𝑡 + 𝜙𝐼𝐹 (𝑡)) , where 𝑓𝐼𝐹 = 𝛼𝜏 (𝑡), 𝜙𝐼𝐹 (𝑡) = 2𝜋 𝑓0𝜏 (𝑡). (4)

Since 𝑑0 ≫ 𝑥 (𝑡), 𝑓𝐼𝐹 remains effectively constant, allowing the target to stay within the same range bin after FFT.
The residual chest motion 𝑥 (𝑡) can be extracted through phase demodulation of the signal within that range bin.

To improve spatial resolution, we employ a 2D antenna array, which facilitates the reconstruction of echo
signals from multiple locations within 3D space. However, owing to sidelobe leakage, multipath propagation,
and the distributed scattering properties of the human body, the recovered echoes from these spatial locations
inevitably include components associated with chest motion. Notably, various pathological conditions can alter
the dynamic patterns of cardiac motion, and such alterations may manifest within the spatially resolved echo
signals. These spatially distributed motion signatures have the potential to serve as biomarkers, offering a
noninvasive means to infer underlying cardiac abnormalities.

Previous methods prioritized locations of maximal energy or employed optimal template matching to mitigate
interference, but this came at the expense of discarding spatial information. In contrast, we leverage all beamformed
points, allowing the model to autonomously learn spatial attention for robust cardiac motion extraction.

2.2 Problem Formulation
We consider the task of annotation-free heart disease diagnosis using paired radar and ECG data. Let D =

{(𝑥𝑟𝑖 , 𝑥𝑒𝑖 )}𝑁𝑖=1 denote the dataset, which comprises synchronously acquired radar signals 𝑥𝑟𝑖 ∈ X𝑟 and ECG signals
𝑥𝑒𝑖 ∈ X𝑒 . In conventional supervised learning paradigms, the clinical label 𝑦𝑖 ∈ Y is derived from ECG data to
learn the radar-based diagnosis model.

Hospital-collected ECG data typically come with labels, as they are acquired in clinical settings where patients
are routinely diagnosed during outpatient visits or hospitalization. However, for cases such as long-term Holter
monitoring or overnight sleep studies, it is challenging to provide complete, segment-by-segment labels, even
in hospitals. Moreover, in many scenarios, such as home monitoring, portable devices, or elder care settings,
there is no ongoing access to cardiologists to provide such labels, as these environments typically lack real-time
specialist oversight. This motivates us to study the annotation-free setting, where labels 𝑦𝑖 are absent.
Since training a diagnosis model without annotations is typically infeasible, we leverage externally labeled

ECG data to construct a pretrained, structured, and disentangled latent space. This latent space serves as a proxy
representation into which radar features can be projected and aligned, thereby enabling annotation-free training.
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Cardiac Event Space. Due to the high regularity of ECG waveforms, we define a structured cardiac event space
E that captures recurring signal patterns. This space is inspired by canonical components such as the P wave,
QRS complex, and T wave. These events correspond to distinct stages of the cardiac cycle, and different cardiac
conditions can be characterized by unique temporal configurations of these events. For example, SB is reflected in
prolonged intervals between QRS complexes, whereas the absence of P waves and irregular rhythms characterizes
AF. In practice, the actual event representations are learned from ECG data.

To construct E, we leverage an auxiliary ECG dataset A = {(𝑥𝑒𝑗 , 𝑦 𝑗 )}, where labels are available for super-
vised training in the ECG domain. We first train an ECG autoencoder on A to capture temporally structured
representations of ECG signals, and then retain only the encoder𝜓𝑒 (·) for downstream tasks:

𝜓𝑒 (𝑥𝑒 ) = {𝑒1, . . . , 𝑒𝐾 }, 𝑒𝑘 ∈ E . (5)

Modern approaches allow the cardiac event space E to be learned either as a discrete set or as a continuous but
disentangled latent space. An event-based classifier 𝑓𝑒 is then trained by minimizing the supervised task loss:

min
𝑓𝑒

E(𝑥𝑒 ,𝑦)∼Aℒtask (𝑓𝑒 (𝜓𝑒 (𝑥𝑒 )), 𝑦). (6)

Annotation-free Learning. With E established, the radar-based diagnosis task can be formulated as a cardiac
event translation problem, which maps a radar feature sequence into an ECG-derived cardiac event space in an
annotation-free manner:

T : {𝑥𝑡 }𝑡=1, 𝑥𝑡 ∈ R𝑑 → {𝑒𝑡 }𝑡=1, 𝑒𝑡 ∈ E . (7)

Let𝜓𝑟 (·) be the radar-specific encoder. The corresponding event representation from radar domain is given by:

𝑣𝑟 = T (𝜓𝑟 (𝑥𝑟 )) = {𝑒1, 𝑒2, . . . , 𝑒𝐾 }. (8)

If the radar-derived event sequence 𝑣𝑟 faithfully captures cardiac dynamics, the ECG classifier 𝑓𝑒 can be directly
applied to radar inputs:

𝑓𝑟 ≜ 𝑓𝑒 (T (𝜓𝑟 (𝑥𝑟 ))). (9)

Therefore, by jointly learning the translator T and radar encoder𝜓𝑟 , we achieve training in an annotation-free
manner. When annotations for dataset D are available, we can further finetune the classifier to improve perfor-
mance.

Relation to Zero-Shot Learning. Our framework bears a superficial resemblance to zero-shot learning (ZSL) [22,
35, 41, 57] in its reliance on an auxiliary space to mediate model learning. In classical ZSL, labeled data from seen
classes are used to learn a projection into a semantic space (e.g., attributes, linguistic embeddings), which in turn
supports recognition of unseen classes. However, our formulation departs from this paradigm in two fundamental
ways. First, no labeled radar data are available, rendering the standard ZSL training pipeline inapplicable. Second,
the ECG domain lacks a well-defined semantic space, as many cardiac conditions share coarse and overlapping
linguistic descriptors, which prevents the construction of a disentangled attribute set.
Our cardiac event space functions analogously to a semantic space, serving as a proxy representation into

which radar features can be projected and aligned for diagnosis. Once radar features are aligned to this event
space, our approach inherits the capacity for zero-shot generalization, enabling the recognition of novel cardiac
conditions not explicitly encountered during training, provided their ECG signatures are represented within E.

3 SYSTEM OVERVIEW
The workflow of the R2E-Net system is shown in Fig. 2 and consists of four main steps:
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Stage 2: Radar-based Cardiac Event Translation

Stage 1: ECG-derived Cardiac Event Space Construction
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Fig. 2. R2E-Net framework. The system comprises four parts: (1) preprocessing radar and ECG signals with beamforming,
denoising, and augmentation; (2) learning ECG-derived latent events via dual supervision; (3) translating radar signals into
the event space using a spatiotemporal encoder and Transformer; and (4) performing annotation-free learning with a reused
ECG-trained classifier.

• Data Preprocessing. Radar and ECG signals are first preprocessed to enhance relevant physiological informa-
tion and standardize inputs. Radar frames undergo 3D beamforming to generate spatiotemporal representations,
followed by a second-order difference filter to amplify cardiac motion. ECG signals are denoised using But-
terworth filtering, LOESS smoothing, and non-local means, then normalized with a min–max scheme. A
sliding-window augmentation strategy with class-dependent strides is applied to mitigate data imbalance.
• ECG-derived Cardiac Event Space Construction. A multi-layer convolutional encoder extracts temporal
features from ECG signals, which are mapped to a latent cardiac event space through a projection layer. This
event space is trained with classification and reconstruction objectives to preserve diagnostic semantics and
maintain temporal structure.
• Radar-based Cardiac Event Translation. A radar-specific spatiotemporal encoder extracts motion features
from radar inputs. These features are then mapped into the ECG-derived event space using a Transformer-based
translator, aligning radar representations with the event space learned from ECG.
• Cardiac event-based Diagnosis. The disease classifier trained on ECG-derived event representations is
applied to radar-translated events for diagnosis. When radar labels are unavailable, the classifier operates in
the zero-shot setting. When additional annotations become available, joint fine-tuning on both radar and ECG
data further enhances the diagnostic performance on radar signals.

4 SYSTEM DESIGN

4.1 Data Preprocessing
4.1.1 Radar Signals. We first apply 3D beamforming to the FMCW radar data from the 2D antenna array, steering
the received signals toward specific directions to produce a voxel-wise representation of the scene (Fig. 3). At
each timestamp 𝑡 ∈ [𝑇 ], the beamformed output is defined as:

S𝑡 (𝑟, 𝜃, 𝜙) = 𝒂𝑡 (𝑟, 𝜃, 𝜙) exp ( 𝑗𝝎𝑡 (𝑟, 𝜃, 𝜙)) ∈ C𝑁𝑟 ×𝑁𝜃 ×𝑁𝜙 , (10)
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shows the frequency spectrum before and after temporal filtering.

where 𝑟, 𝜃 , and 𝜙 denote the range, azimuth, and elevation grid points, respectively. The signal is represented in
polar form, with amplitude 𝒂𝑡 capturing reflection strength and phase 𝝎𝑡 encoding signal delay.
This voxel-wise representation enables the extraction of subtle chest movements by isolating reflections

from specific spatial locations. Chest micro-movements induce phase variations in 𝝎𝑡 , encoding displacement
information, while fluctuations in 𝒂𝑡 reflect changes in the radar cross-section. Respiration produces dominant
periodic variations, whereas heartbeat-induced motion introduces finer, higher-frequency perturbations.

Respiration introduces slow-varying components into radar signals, which can obscure the subtler and faster
cardiac micro-motions. To highlight heartbeat-related dynamics while suppressing these slower variations, we
apply a second-order temporal difference operator to each beamformed radar channel, including the in-phase
(I), quadrature (Q), and unwrapped phase signals. This operator emphasizes transient changes by attenuating
low-frequency trends. We use the following filter [17]:

¥𝑠 [𝑡] = 4𝑠 [𝑡] + (𝑠 [𝑡 − 1] + 𝑠 [𝑡 + 1]) − 2(𝑠 [𝑡 − 2] + 𝑠 [𝑡 + 2]) − (𝑠 [𝑡 − 3] + 𝑠 [𝑡 + 3])
16ℎ2

(11)

where ¥𝑠 [𝑡] denotes the estimated second derivative at time 𝑡, 𝑠 [𝑡] is the signal at frame 𝑡 , and ℎ is the sampling
interval. This filter functions as a high-pass operator, preserving rapid cardiac fluctuations while dampening
slower respiratory trends.
After filtering, each radar signal yields a tensor of shape 𝐶 × 𝑁𝑟 × 𝑁𝜃 × 𝑁𝜙 at each timestep, where 𝐶 = 3

corresponds to different channels. This representation captures spatially localized motion over time across
multiple signal modalities. Fig. 3 illustrates how the second-order differentiator suppresses slow respiratory
trends and amplifies heartbeat-induced fluctuations.

4.1.2 ECG Signals. The external ECG datasets used in this study are highly diverse and contain varying levels of
noise, such as power line interference, electrode contact noise, motion artifacts, muscle contractions, baseline
wandering, and random noise. These heterogeneous noise characteristics vary across datasets and acquisition
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conditions, resulting in a domain shift that hinders the learning of robust and generalizable ECG representations.
To address this issue, we implement a structured ECG preprocessing pipeline for noise reduction and format
standardization, inspired by prior work [72], but adapted to our multi-source setting. The pre-processing consists
of three sequential steps.

High-frequency suppression. Given that the frequency range of standard ECG signals lies between 0.5 Hz and
50 Hz, we apply a Butterworth low-pass filter [3] to eliminate high-frequency noise. The filter is designed with a
passband at 50 Hz, a stopband at 60 Hz, a passband ripple of 1.0 dB, and a stopband attenuation of 2.5 dB.

Baseline wander removal. A LOESS smoother [7] is used to estimate and remove baseline drift. The trend is
obtained via weighted least squares, with weights defined as:

𝑤𝑖 (𝑥0) =𝑊

(
|𝑥0 − 𝑥𝑖 |
Δ(𝑥0)

)
, (12)

where𝑊 (·) denotes the tricube weight function, and Δ represents the window size. The estimated trend is then
subtracted from the original ECG signal.

Residual noise reduction. To suppress residual noise while preserving critical morphological features, we apply
a non-local means (NLM) filter [2, 51], adapted for univariate physiological time series. Each data point 𝑆 (𝑖) is
reconstructed as a weighted average of all other points based on local patch similarity:

𝑆 (𝑖) =
∑︁
𝑗∈𝑁 (𝑖 )

𝑤 (𝑖, 𝑗)𝐷 ( 𝑗), 𝑤 (𝑖, 𝑗) = 1
𝑍 (𝑖) exp

(
− |𝐷Δ (𝑖) − 𝐷Δ ( 𝑗) |2

𝜆2

)
, (13)

where 𝐷Δ (𝑖) is a local patch centered at position 𝑖, 𝜆 controls smoothness, and 𝑍 (𝑖) is a normalization term.
Fig. 4 presents the distribution of ECG signal quality, measured by the power-based Signal Quality Index (pSQI),

across multiple datasets before and after denoising. The pSQI quantifies the proportion of energy concentrated in
the QRS complex relative to the entire signal. Higher pSQI values generally indicate more distinct and structured
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Table 1. Amplitude statistics (mV) of Lead-I ECG signals across datasets. Maximum and minimum values are calculated by
averaging the per-record extrema to reduce the impact of outliers.

Metric CODE-15 CPSC-2018 ECG-Arrhythmia Georgia PTB-XL SPH Ours

Mean value 0.04 0.02 0.02 0.02 0.03 0.02 0.00
Standard deviation 0.20 0.11 0.10 0.12 0.13 0.09 0.08

Maximum 1.54 0.60 0.67 0.77 0.84 0.58 0.41
Minimum -0.36 -0.25 -0.21 -0.21 -0.21 -0.20 -0.17

Algorithm 1 Sliding-window–based data augmentation strategy
Require: Paired signal (𝑥𝑟 , 𝑥𝑒 ) of length 𝐿; window length𝑊 ; pseudo-label 𝑦 ∈ {1, . . . ,𝐶}; class-dependent

strides {𝑠1, . . . , 𝑠𝐶 }
Ensure: Augmented sample list Xaug
1: Xaug ← ∅
2: stride← 𝑠𝑦 ⊲ stride for class 𝑦
3: 𝑁 ← ⌊(𝐿 −𝑊 )/stride⌋ ⊲ number of windows
4: for 𝑖 ← 0 to 𝑁 − 1 do
5: offset← random(0, stride)
6: start← 𝑖 × stride + offset
7: end ← start +𝑊
8: 𝑥win ← (𝑥𝑟 [start : end], 𝑥𝑒 [start : end])
9: append 𝑥win to Xaug
10: end for
11: return Xaug

cardiac events, thus reflecting improved signal quality. As expected, the denoising process consistently improves
pSQI across all datasets, demonstrating a significant enhancement in overall signal quality.

Following denoising, we further address the statistical variability observed across datasets. As shown in Table 1,
the maximum ECG amplitude ranges from 1.5355 in the CODE-15 dataset to 0.412 in the radar dataset, revealing
a substantial mismatch in signal distributions. Such discrepancies suggest a potential domain shift issue, which
may hinder model training and compromise generalization performance. To mitigate this, we apply min-max
normalization independently to each dataset. This standardization procedure scales the amplitude distribution
into a common range while preserving waveform morphology, thereby reducing cross-domain distributional
divergence.
Finally, to account for differences in sampling rates among datasets, we resample each ECG signal to match

the radar sampling frequency. The processed ECG signal is represented as 𝑥𝑒 ∈ R𝐿×𝑇 , where 𝐿 = 12 denotes the
number of ECG leads.

4.1.3 Data Augmentation. The distribution of heart disease follows a typical long-tail pattern, with a highly
skewed class ratio that can severely hinder the classifier’s learning performance. To mitigate the class imbalance
problem, we apply the following augmentation to our radar dataset.
For each radar sequence with 𝑇 time steps, we employ a sliding-window technique to expand the sample

size. However, this approach alone only increases the number of samples and does not fundamentally resolve
the class imbalance issue. To further refine class proportions, we vary the stride length across different disease
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categories. During training, we additionally adopt a random-stride strategy to inject variability and reduce the
risk of overfitting.
Since balancing disease instances during data augmentation typically relies on label information, which is

unavailable for unlabeled data, we employ an ECG-based classifier to generate pseudo-labels, which are then
used to inform the augmentation strategy. The overall augmentation procedure is presented in Algorithm 1.

4.2 ECG-derived Cardiac Event Space Construction
To construct a semantically meaningful latent representation of cardiac activity, we first encode the ECG signal 𝑥𝑒
into a temporally structured sequence of deep features. Given the relatively low inter-subject variability of ECG
signals, we adopt a lightweight multi-layer convolutional encoderℰ(·) to extract intermediate representations:

𝑣𝑒 =ℰ(𝑥𝑒 ) ∈ R𝐷 ′×𝐿, (14)

where 𝐷 ′ is the feature dimension and 𝐿 is the temporal length of the sequence. Each vector 𝑣𝑖 encodes local
cardiac dynamics at time step 𝑖 .To obtain a sequence of latent cardiac events in semantic space, we apply a linear
projection:

𝑣𝑒 =𝑊𝑣𝑒 + 𝑏 ∈ R𝐷×𝐿, (15)

where𝑊 ∈ R𝐷×𝐷 ′ and 𝐷 ≪ 𝐷 ′. The resulting 𝑣𝑒 represents a compact and structured sequence of latent cardiac
events, serving as the semantic foundation for diagnosis.
To encourage temporal disentanglement and physiological consistency, we design a dual-objective learning

strategy that jointly optimizes a classification task and a reconstruction task. Specifically, we introduce a decoder
𝒟(·) composed of transposed convolutional blocks to reconstruct the input ECG from its latent representation:

𝑥𝑒 =𝒟(𝑣𝑒 ) ∈ R𝐿×𝑇 . (16)

This restoration objective preserves temporal ordering and ensures the completeness of physiological information
within the latent events. In parallel, to enhance sensitivity to rare and abnormal cardiac conditions, we incorporate
a classification head 𝑓𝑒 (·):

𝑦𝑒 = 𝑓𝑒 (𝑣𝑒 ), (17)

where 𝑦𝑒 denotes the predicted class label for the input ECG.
The overall loss function combines both objectives:

ℒECG = 𝜆1ℒcls + 𝜆2ℒrec, (18)

where
ℒrec = EA

[
∥𝑥𝑒 − 𝑥𝑒 ∥22

]
,

ℒcls = EA [𝑦𝑒 log𝑦𝑒 + (1 − 𝑦𝑒 ) log(1 − 𝑦𝑒 )] .
(19)

This multi-task training framework enables the latent cardiac event sequence to encode temporally structured
and diagnostically informative representations, serving as a unified semantic basis for cross-modal translation
and downstream disease inference.

4.3 Radar-based Cardiac Event Translation
To project radar signals into the latent cardiac event space, R2E-Net introduces a radar-specific spatiotemporal
encoder as shown in Fig. 5. The spatial encoder extracts localized motion patterns using stacked 3D convolutions,
while the dual-scale temporal encoder captures multi-frequency dynamics. These components are followed by a
Transformer-based model, which maps radar features into the ECG-guided event space.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 9, No. 4, Article 237. Publication date: December 2025.



Translation of Radar Signals into Latent Cardiac Event Space for Scalable, Annotation-free Heart Disease Diagnosis • 237:11

Cardiac Translator

Multi-Head Attention

Add&Norm

Conv3d

BatchNorm

ReLU

MaxPool3d

Spatial Encoder

Conv1d

BasicBlock

BasicBlock

Conv1d Conv1d

Dual-scale Temporal Encoder

Spatial Conv2

AdaptivePool

BasicBlock

Conv1d

ReLU

BatchNorm

Conv1d

BatchNormConv1d

BatchNorm

ReLU

Spatial Conv3

Spatial Conv1

identify upsample

concat

Add&Norm

Feed Forward
N×

Fig. 5. Radar spatiotemporal encoder architecture. The encoder consists of three components: a spatial encoder with stacked
3D convolutions for localized motion extraction, a dual-scale temporal encoder with residual connections to capture multi-
frequency dynamics, and a Transformer-based cardiac translator that projects radar features into the ECG-guided latent
event space.

4.3.1 Spatial Encoding. Conventional contactless ECG methods often rely on selecting spatial locations from
radar signals based on handcrafted rules or pattern matching. For instance, mmECG [5] identifies regions
where temporal dynamics across range bins exhibit high internal similarity, while mmArrhythmia [70] selects
fixed chest-range bins. However, such point-selection strategies are susceptible to signal quality and prone
to mislocalization or partial coverage of the cardiac activity, leading to unstable measurements and degraded
downstream performance.

To overcome these limitations, R2E-Net employs a fully end-to-end spatial encoder to extract cardiac-relevant
features directly from raw radar frames, thereby eliminating the need for heuristic point selection. At each
timestamp 𝑡 , the spatial signal 𝑥𝑟𝑡 ∈ R𝑁𝑟 ×𝑁𝜃 ×𝑁𝜙 , representing the radar response across range, azimuth, and
elevation dimensions, is processed by a 3D convolutional encoderℱ𝑟 (·) to produce a compact spatial embedding:

𝑠𝑟𝑡 =ℱ𝑟 (𝑥𝑟𝑡 ) ∈ R𝐷 , 𝑡 ∈ [𝑇 ], (20)

whereℱ𝑟 comprises three stacked 3D convolutional layers. This process produces a sequence of spatial embeddings
{𝑠𝑟𝑡 }𝑇𝑡=1, which preserve temporally localized spatial information and serve as input to the subsequent temporal
encoder.

4.3.2 Temporal Feature Modeling. After spatial encoding, we apply a dual-scale temporal encoder to capture the
dynamics of cardiac motion across time. Specifically, two convolutional branchesℱ𝑙 andℱℎ extract low- and
high-level temporal features:

𝑠𝑙 =ℱ𝑙 (𝑠𝑟 ) ∈ R𝐷×
𝑇
8 , 𝑠ℎ =ℱℎ (𝑠𝑙 ) ∈ R𝐷×

𝑇
16 . (21)

We then align temporal resolutions and concatenate both branches to form the final radar feature sequence:

𝑣𝑟 = 𝑣𝑙 ⊕ 𝑣ℎ↑ ∈ R𝐷×𝑇
8 , (22)

where ↑ denotes temporal upsampling and ⊕ indicates channel-wise concatenation.

4.3.3 Cardiac Event Translation. To generate latent cardiac events directly from radar input, R2E-Net introduces
a Transformer-based Translator T (·), which learns to decode radar-derived representations into semantically
meaningful latent cardiac event sequences. Unlike conventional alignment-based approaches that seek a shared
representation space, our design treats the latent cardiac event sequence extracted from ECG as the target
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Table 2. Statistics of cardiac conditions in our dataset.

Condition Atrial Fibrillation Sinus Bradycardia Sinus Tachycardia Normal Others Total

No. of Recordings 244 725 358 3,733 2,276 7,336

output domain. The translator maps the radar representation 𝑣𝑟 to a translated event sequence 𝑣𝑒 = T (𝑣𝑟 ) that
approximates the structure and semantics of ECG-derived events.
To guide this translation, we apply a stop-gradient loss using the ECG latent sequence 𝑣𝑒 as supervision:

ℒtrans =
1
𝐿

𝐿∑︁
𝑡=1



sg(𝑣𝑒𝑡 ) − T (𝑣𝑟 )𝑡

22 (23)

where sg(·) denotes the stop-gradient operation. This objective ensures that the translated radar sequence inherits
the temporal structure and event-level semantics defined by the ECG domain, enabling effective latent event
modeling from radar without requiring explicit radar annotations.

4.4 Cardiac Event-based Diagnosis
Based on the previous translation process, radar signals are converted into latent cardiac event sequences
𝑣𝑒 = (𝑣1, . . . , 𝑣𝐿), which preserve the temporal structure and semantic granularity of ECG-derived representations.
These radar-derived latent events serve as the inputs for cardiac disease classification.

To support annotation-free diagnosis, R2E-Net reuses a classifier 𝑓 (·) originally trained on ECG latent events
from auxiliary datasets:

𝑦𝑒 = 𝑓 (𝑣𝑒 ), 𝑦𝑟 = 𝑓 (𝑣𝑒 ), (24)
where 𝑣𝑒 denotes the ECG-derived event sequence and 𝑣𝑒 is the translated radar counterpart. During inference,
the classifier is applied to 𝑣𝑒 without any radar-side supervision.

When annotations for radar data are available, we can further jointly fine-tune the classifier on both radar-derived
latent events 𝑣𝑒 and ECG-derived latent events 𝑣𝑒 using the standard cross-entropy loss:

ℒjoint = E(𝑥𝑟 ,𝑥𝑒 ,𝑦) [LCE (𝑓 (𝑣𝑒 ), 𝑦) + LCE (𝑓 (𝑣𝑒 ), 𝑦)] , (25)

ensuring that the classifier not only aligns radar features with class-discriminative boundaries but also preserves
diagnostic knowledge from the ECG domain, which can be viewed as a semantic regularizer in the shared latent
event space.

This inference strategy transfers diagnostic knowledge from ECG to radar by operating within a shared latent
cardiac-event space, thereby enabling effective classification in both annotation-free and labeled deployment
scenarios.

5 EXPERIMENT SETUP

5.1 Data Collection
As illustrated in Fig. 1, we employed a self-designed compact RF device built around the TI AWR6843 radar chip.
The 60 GHz radar operated at a 100 Hz sampling rate in single-chirp mode. During each session, the radar was
positioned approximately 60-70 cm above the participant’s chest while the participant lay on a hospital bed.
A clinical 12-lead ECG was recorded concurrently, and 30 seconds of synchronized radar and ECG data were
obtained for each session. All recordings were conducted in real clinical environments, including both inpatient
wards and outpatient clinics, with Institutional Review Board (IRB) approval.
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5.1.1 Radar Data. We constructed a dataset comprising synchronized radar signals and standard 12-lead ECG
recordings from 7,336 individuals, collected in real-world clinical settings. Each sample spans 30 seconds, and
the signals were recorded with a sampling rate of 100 Hz. As summarized in Table 2, rhythm annotations are
provided for four primary categories: Atrial Fibrillation (AF, 244 samples), Sinus Bradycardia (SB, 725), Sinus
Tachycardia (STach, 358), and Normal ECG (NECG, 3,733). In addition, 2,276 samples are labeled as "Others",
representing unclassified or less common arrhythmias. The dataset is partitioned at the patient level into training,
validation, and test sets using a 7:1:2 split.

5.1.2 ECG Dataset. Our method leverages external ECG datasets to construct the cardiac event space. Specifically,
six publicly available 12-lead ECG datasets are utilized: CODE-15 [46], Georgia 12-Lead ECG [39], CPSC-2018 [30],
PTB-XL [53], SPH [31], and ECG-Arrhythmia [71]. To ensure temporal alignment with the radar signals, all ECG
recordings were resampled to 100 Hz and standardized to 1,024 time steps through either truncation or zero
padding.

5.2 Baseline
Given the limited number of existing studies on radar-based cardiac diagnosis, we use two baselines for perfor-
mance comparison in cardiac disease detection. The first baseline utilizes 12-lead ECG signals for arrhythmia
classification, serving as a reference for the upper bound of fully automated diagnosis using contact-based mea-
surements. The second baseline is a reproduction of mmArrhythmia [70], the first method to enable contactless
arrhythmia detection in controlled laboratory environments.

5.3 Evaluation Metrics
We adopt the following metrics to evaluate the classification performance of the proposed model:
• Accuracy: measures the overall correctness of predictions:

Accuracy =
𝑇𝑃 +𝑇𝑁

𝑇𝑃 +𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 . (26)

• Recall: the proportion of true positives correctly identified by the model:

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 . (27)

• Precision: the proportion of predicted positives that are true positives:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 . (28)

• 𝐹1 Score: the harmonic mean of precision and recall, balancing sensitivity and precision under class imbalance:

𝐹1 = 2 × Precision × Recall
Precision + Recall . (29)

• ROC-AUC: the Area Under the Receiver Operating Characteristic Curve:

ROC-AUC =

∫ 1

0
TPR(FPR) 𝑑 (FPR), (30)

where TPR and FPR denote the true positive rate and false positive rate, respectively. It reflects the model’s
ability to distinguish between positive and negative classes across different decision thresholds.
• PR-AUC: the Area Under the Receiver Operating Characteristic Curve:

PR-AUC =

∫ 1

0
Precision(Recall) 𝑑 (Recall), (31)
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which is particularly informative for imbalanced datasets, as it focuses on the performance of the positive class.

5.4 Implementation Details
5.4.1 Hardware. Our contactless ECG monitoring platform is built on the TI AWR6843 millimeter-wave radar,
integrated with the DCA1000 real-time data capture module. A virtual two-dimensional antenna array comprising
12 channels is formed using three transmitting (Tx) and four receiving (Rx) antennas. A time-division multiplexing
(TDM) scheme is employed to ensure temporal orthogonality among the signals transmitted from different Tx
antennas. Within each radar sensing frame, the three transmitters sequentially emit chirp signals with an interval
of 45 microseconds. This configuration enables the system to capture baseband signals from all four receivers
corresponding to each transmitter, thereby supporting high-resolution spatial sensing.

5.4.2 Software. Model training is performed using the Adam optimizer with a learning rate of 5 × 10−4 and
a weight decay of 10−6. The spatial encoder consists of three layers of 3D convolution with a kernel size of
3, each followed by Batch Normalization, ReLU activation, and pooling, producing a 64-dimensional feature
representation. The dual-scale temporal encoder includes two parallel branches, each composed of four residual
blocks to capture multi-scale temporal dependencies. The cardiac translator module is implemented using six
Transformer blocks, each equipped with four attention heads. The model is trained for 100 epochs with a batch
size of 16. All experiments are conducted using PyTorch [37] on a single NVIDIA RTX 4090 GPU.

6 PERFORMANCE EVALUATION

6.1 Overall Performance
We evaluate both the annotation-free version of R2E-Net and the version further fine-tuned with radar labels,
and compare them with two baselines: an ECG-based classifier and the radar-based mmArrhythmia [70]. Table 3
summarizes the results across three arrhythmia classes: atrial fibrillation (AF), sinus bradycardia (SB), and sinus
tachycardia (STach).
R2E-Net, trained solely under ECG supervision without any radar annotations (annotation-free), achieves

strong performance with an average F1 score of 82.41% and a PR-AUC of 0.8987, substantially outperforming
mmArrhythmia (F1: 69.81%, PR-AUC: 0.7142) across all arrhythmia types. These results highlight the model’s
ability to leverage latent cardiac event representations distilled from ECG data and effectively transfer them to the
radar domain without direct label supervision. Notably, in the detection of atrial fibrillation (AF), a particularly
challenging condition due to its temporal irregularity and inter-patient variability, R2E-Net exhibits enhanced
robustness, improving the F1 score by 27.2% over the baseline method.

When further fine-tuned with radar-side annotations, R2E-Net achieves further performance gains, reaching
an average F1 of 85.68% and a PR-AUC of 0.9133. The improvement over its annotation-free counterpart is
particularly pronounced in AF (F1: 85.63% vs. 80.35%) and STach (85.02% vs. 81.16%), indicating that while radar-
derived latent event representations already inherit discriminative structure through cross-modal alignment,
supervised adaptation further sharpens disease-specific decision boundaries. Interestingly, in SB, where the
pathological patterns are more stereotypical and less sensitive to sensing modality, the performance of the two
variants converges, suggesting that latent event learning without explicit supervision already captures sufficiently
distinctive features for reliable classification.
The ECG-based model performs direct classification on 12-lead ECG signals and serves as a reference upper

bound due to its access to high-fidelity, fully supervised diagnostic features. Compared to this upper bound (F1:
90.52%), both variants of R2E-Net demonstrate competitive performance, with the fine-tuned version narrowing
the average F1 gap to less than 5 percentage points. In contrast, mmArr exhibits limited diagnostic capability,
particularly in AF (F1: 53.16%) and STach (F1: 71.98%), highlighting its sensitivity to signal quality and limited
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Table 3. Performance comparison of R2E-Net with different baselines on arrhythmia classification. For R2E-Net, labels are
only used for fine-tuning.

Class Method Label Acc ↑ F1 ↑ ROC ↑ PR ↑ Rec. ↑ Prec. ↑

AF

ECG-based ✓ 0.9969 0.9534 0.9996 0.9914 0.9255 0.9831
mmArrhythmia [70] ✓ 0.9748 0.5316 0.9388 0.5140 0.4884 0.5833

R2E-Net – 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954
R2E-Net ✓ 0.9912 0.8563 0.9744 0.9069 0.7766 0.9542

SB

ECG-based ✓ 0.9730 0.8710 0.9917 0.9303 0.8918 0.8511
mmArrhythmia [70] ✓ 0.9667 0.8428 0.9803 0.8863 0.8621 0.8243

R2E-Net – 0.9710 0.8571 0.9892 0.9101 0.8564 0.8579
R2E-Net ✓ 0.9721 0.8639 0.9822 0.9151 0.8723 0.8557

STach

ECG-based ✓ 0.9897 0.8911 0.9830 0.9181 0.874 0.9087
mmArrhythmia [70] ✓ 0.9705 0.7198 0.9598 0.7425 0.7877 0.6627

R2E-Net – 0.9836 0.8116 0.9849 0.8981 0.7481 0.8869
R2E-Net ✓ 0.9854 0.8502 0.9953 0.9180 0.8664 0.8346

Average

ECG-based ✓ 0.9865 0.9052 0.9914 0.9466 0.8971 0.9143
mmArrhythmia [70] ✓ 0.9710 0.6981 0.9596 0.7142 0.7127 0.6901

R2E-Net – 0.9808 0.8241 0.9868 0.8987 0.7777 0.8801
R2E-Net ✓ 0.9829 0.8568 0.9840 0.9133 0.8384 0.8815

generalizability, likely due to the constrained nature of controlled laboratory settings that do not fully capture
real-world complexity.
These findings collectively validate the effectiveness of latent cardiac event modeling as a modality-agnostic

representation space. R2E-Net demonstrates that high-fidelity diagnosis is achievable without access to radar-side
annotations, while optional fine-tuning with labeled radar data provides additional gains through domain-specific
adaptation.

PR Curves: Fig. 6 curves for AF, SB, and STach across four methods. PR curves highlight the trade-off between
precision and recall, providing a more informative view of a model’s ability to identify positive cases, particularly
in class-imbalanced scenarios.

R2E-Net trained without radar-label fine-tuning (i.e., in a label-free setting) exhibits a strong balance between
precision and recall, especially in the high-recall region, indicating its ability to detect true positives while
maintaining acceptable precision. With radar-side fine-tuning, the PR curve shifts upward across all arrhythmias,
demonstrating simultaneous improvements in both recall and precision.
In contrast, the mmArrhythmia approach consistently shows inferior PR performance. Its precision drops

sharply as recall increases, particularly in more complex conditions such as AF. The steep decline reflects its
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Fig. 6. Precision-Recall (PR) curves for three arrhythmia types: atrial fibrillation (AF), sinus bradycardia (SB), and sinus
tachycardia (STach).

limited capacity to maintain discriminative reliability when attempting to capture more positive instances, sug-
gesting difficulty in modeling the temporal and spatial variability of arrhythmic patterns under noisy, real-world
conditions.
The ECG-based model serves as a reference benchmark, exhibiting near-perfect PR curves that remain high

across all recall levels. This underscores the superiority of fully supervised, high-fidelity ECG input in maintaining
robust performance across challenging diagnostic tasks.
In summary, the PR curve analysis reinforces the effectiveness of R2E-Net, especially when fine-tuned, in

balancing sensitivity and specificity in practical, label-scarce settings.

6.2 Bias in Simplified Diagnostic Settings
In real-world cardiovascular diagnosis, the inclusion of non-target arrhythmias (i.e., interfering classes) in the
dataset poses a significant challenge. These interfering classes not only degrade diagnostic accuracy but may
also introduce bias into performance evaluation. Most existing approaches are validated on datasets containing
only a limited set of disease types. Such experimental settings may oversimplify the diagnostic task, resulting in
overestimated performance that fails to reflect the complexity of real-world scenarios, where multiple arrhythmias
commonly coexist. Table 4 compares model performance under two evaluation settings: one including all
interfering diseases, and the other restricted to the three target conditions and healthy individuals.

Firstly, after excluding the interfering disease classes, both R2E-Net and mmArr exhibit substantial performance
gains. Specifically,the average F1 score of R2E-Net improves by 8.23%, and its PR-AUC increases by 5.21%,
highlighting the considerable negative impact that non-target diseases have on model performance. With these
interfering conditions removed, the model is able to diagnose the target arrhythmias with significantly higher
precision and recall.

For mmArrhythmia, the F1 score on AF improves markedly from 0.5316 to 0.7663, considerably enhancing its
diagnostic capability in this challenging class and bringing it closer to a practical threshold for real-world use.
However, it is critical to note that such improvements are observed under idealized evaluation conditions and
may not accurately reflect model performance in more complex, interference-rich clinical environments.

These results clearly demonstrate that the presence of interfering diseases substantially affects the performance
of cardiovascular diagnostic models. Although existing algorithms may yield promising results under simplified
experimental conditions, their effectiveness often declines when evaluated in more complex, interference-rich
scenarios. While R2E-Net exhibits relatively smaller performance degradation compared to mmArrhythmia,
the overall drop remains non-negligible. This highlights the need for interference-aware evaluation protocols
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Table 4. Performance of each method on the full and clean subsets (i.e., excluding other diseases). R2E-Net is trained using
an annotation-free strategy.

Class Method Subset Acc ↑ F1 ↑ ROC ↑ PR ↑ Rec. ↑ Prec. ↑

AF
R2E-Net

– 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954
✓ 0.9909 0.9264 0.9893 0.9505 0.9043 0.9497

mmArrhythmia
– 0.9748 0.5316 0.9388 0.5140 0.4884 0.5833
✓ 0.9753 0.7663 0.9691 0.7924 0.7752 0.7576

SB
R2E-Net

– 0.9710 0.8571 0.9892 0.9101 0.8564 0.8579
✓ 0.9737 0.9201 0.9926 0.9687 0.9184 0.9217

mmArrhythmia
– 0.9667 0.8428 0.9803 0.8863 0.8621 0.8243
✓ 0.9661 0.8943 0.9831 0.9235 0.8796 0.9095

STach
R2E-Net

- 0.9836 0.8116 0.9849 0.8981 0.7481 0.8869
✓ 0.9788 0.8726 0.9871 0.9332 0.8626 0.8828

mmArrhythmia
– 0.9705 0.7198 0.9598 0.7425 0.7877 0.6627
✓ 0.9861 0.8432 0.9915 0.8877 0.7901 0.9039

Average
R2E-Net

– 0.9808 0.8241 0.9868 0.8987 0.7777 0.8801
✓ 0.9811 0.9064 0.9897 0.9508 0.8951 0.9181

mmArrhythmia
– 0.9710 0.6981 0.9596 0.7142 0.7127 0.6901
✓ 0.9730 0.8057 0.9750 0.8420 0.7814 0.8328

and underscores the importance of developing models with stronger robustness and adaptability for real-world
deployment.

6.3 Comparison with Annotation-free Strategy
In the absence of radar annotations, a straightforward annotation-free strategy is to apply pseudo-labelling, using
an existing ECG-based diagnostic model to assign labels to radar data, which can then be used for supervised
training. This approach enables the construction of radar-based classifiers without manual annotation, offering a
scalable alternative when labeled radar data is unavailable.
In this section, we compare this baseline strategy with R2E-Net, our proposed method that avoids direct

label transfer. Instead of relying on pseudo labels, R2E-Net decouples the learning process by projecting radar
signals into a latent cardiac event space derived from auxiliary ECG signals. This design bypasses the need for
radar-specific labels while preserving the semantic and temporal structure of physiological events. It addresses a
key limitation in radar-based diagnosis: the high cost and limited availability of labeled data, which constrain
model scalability and generalizability.
Table 5 presents the experimental results comparing the pseudo-labelling method. In the classification task,

the average F1 score of the pseudo-labelling method is only 0.6907, significantly lower than the 0.7848 achieved
with direct supervision and the 0.8241 achieved by the R2E-Net model, which also does not rely on radar labels.
Although the performance of the pseudo-labelling method is lower than that of supervised learning with true
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Table 5. Performance comparison of arrhythmia classification using different labeling strategies.

Class Strategy Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

AF
Annotation-free 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954
Pseudo-Labelling 0.9744 0.5889 0.951 0.5957 0.5372 0.6516

Supervised 0.9788 0.7082 0.9532 0.7068 0.7553 0.6667

SB
Annotation-free 0.9710 0.8571 0.9892 0.9101 0.8564 0.8579
Pseudo-Labelling 0.9469 0.7389 0.9367 0.7671 0.7376 0.7402

Supervised 0.9685 0.8515 0.9822 0.9008 0.8848 0.8207

STach
Annotation-free 0.9836 0.8116 0.9849 0.8981 0.7481 0.8869
Pseudo-Labelling 0.9795 0.7444 0.963 0.8667 0.6336 0.9022

Supervised 0.9802 0.7947 0.9493 0.8458 0.8053 0.7844

Average
Annotation-free 0.9808 0.8241 0.9868 0.8987 0.7777 0.8801
Pseudo-Labelling 0.9669 0.6907 0.9502 0.7432 0.6361 0.7647

Supervised 0.9758 0.7848 0.9282 0.8178 0.8151 0.7573

t-SNE of R2E-Net
SB
STach
ELSE
AF

(a) R2E-Net

t-SNE of Supervised
SB
STach
ELSE
AF

(b) Supervised

Fig. 7. t-SNE visualizations of feature spaces: (a) R2E-Net and (b) Supervised learning.

labels, this result is expected. However, R2E-Net, even without radar labels, outperforms the direct supervision
strategy. The strong performance of R2E-Net can be attributed to two key aspects:
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Table 6. Performance comparison of R2E-Net with AirECG on AF.

Method Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

R2E-Net 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954
AirECG 0.9752 0.6250 0.9664 0.7143 0.6117 0.6389

Latent Cardiac Event Modeling: R2E-Net learns to project radar features into a latent space defined by
latent cardiac event sequences derived from ECG data. This allows the radar data to inherit the semantic and
temporal structure of cardiac events, even without explicit radar-specific supervision. Fig. 7 illustrates the t-SNE
visualization of AF features learned by R2E-Net and a supervised learning model. As shown, although the
latent space of the supervised model can partially separate AF from non-AF samples, R2E-Net achieves a more
discriminative separation between AF and non-AF features. Moreover, in R2E-Net, multiple distinct feature
clusters automatically emerge within the non-AF samples, which may correspond to different subtypes of heart
disease—an effect not observed in the supervised model. To demonstrate this, we additionally highlighted SB
and STach samples; these samples self-organized into two well-separated and compact clusters, confirming our
hypothesis. This suggests that R2E-Net is more effective in capturing fine-grained ECG features, thereby enabling
improved detection of various cardiac conditions.
Classifier Based on Latent Cardiac Events: The classifier in R2E-Net is built using latent cardiac event

features extracted from ECG signals, enabling it to more accurately capture the physiological characteristics of
heart diseases. By leveraging these features, the classifier improves diagnostic accuracy in the radar domain, even
in the absence of radar-specific labels.

Based on the above analysis, it can be concluded that using a simple pseudo-labelling approach is unlikely to
yield satisfactory performance in heart disease diagnosis. In contrast, R2E-Net, by decoupling representation
learning from the classification process and incorporating auxiliary ECG data, achieves effective heart disease
diagnosis without radar labels.
In addition to pseudo labeling, an alternative approach for annotation-free diagnosis first reconstructs ECG

waveforms from radar signals and then applies conventional ECG interpretation to diagnose disease. The
representative work following this pipeline is AirECG [69]. To ensure a fair comparison, we reimplemented
AirECG on the same AF dataset and evaluated it alongside R2E-Net; the results are summarized in Table 6.

AirECG achieves a certain level of classification performance, yet it still falls significantly behind R2E-Net on all
metrics. The reason lies in the two stage paradigm of AirECG. The radar signals, which are limited in bandwidth
and contaminated by noise andmotion artifacts, must first be transformed into high fidelity ECG signals, inevitably
introducing reconstruction errors. These errors are then amplified during downstream classification, leading to
degraded diagnostic accuracy. In contrast, R2E-Net bypasses fine grained waveform reconstruction and directly
maps radar data to coarse-grained cardiac event representations, retaining only the information most critical for
diagnosis. This event driven strategy effectively shields the model from uncertainties inherent in radar sensing,
yielding higher robustness and clinical utility.

6.4 Model Architecture Performance
In this section, to objectively evaluate the performance of the proposed radar spatiotemporal encoder, we adopted
an experimental design different from R2E-Net.

We do not use any training paradigm, but only rely on the radar spatiotemporal encoder itself for supervised
learning, and compare it with the existing mmArr method. The experimental data from Table 7 shows that the
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Table 7. Comparison with baseline on different radar-based arrhythmia classes.

Class Method Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

AF mmArrhythmia 0.9748 0.5316 0.9388 0.5140 0.4884 0.5833
R2E-Net 0.9788 0.7082 0.9532 0.7068 0.7553 0.6667

SB mmArrhythmiar 0.9667 0.8428 0.9803 0.8863 0.8621 0.8243
R2E-Net 0.9685 0.8515 0.9822 0.9008 0.8848 0.8207

STach mmArrhythmia 0.9705 0.7198 0.9598 0.7425 0.7877 0.6627
R2E-Net 0.9802 0.7947 0.9493 0.8458 0.8053 0.7844

Average mmArrhythmia 0.9710 0.6981 0.9596 0.7142 0.7127 0.6901
R2E-Net 0.9758 0.7848 0.9282 0.8178 0.8151 0.7573

supervised learning approach of the radar spatiotemporal encoder has significant advantages in multiple key
indicators, especially in the atrial fibrillation (AF) detection task, where its F1 score reached 70.82%, close to the
clinical application performance threshold. This result fully demonstrates the effectiveness of the proposed radar
spatiotemporal encoder architecture and its ability to extract useful physiological information from complex
noise.

Further analysis shows that the radar spatiotemporal encoder uses an end-to-end deep learning framework to
directly and automatically extract spatiotemporal features from raw radar signals, eliminating the intermediate
steps of traditional methods that depend on preset signal selection algorithms. This avoids information loss
and selection errors in traditional preprocessing. Compared to the mmArr method, this encoder can adaptively
capture subtle physiological changes in radar signals through a data-driven feature learning mechanism, which
is likely the key to its performance improvement.

6.5 Generalization of R2E-Net

ACC F1 ROCAUC PRROC Recall Precision
Metrics
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Fig. 8. Comparison of 5-Fold cross validation

In this section, we employed 5-fold cross-validation to assess the model’s performance. Given that previous
results showed that SB and STach, due to their overly simplistic feature representations, were insufficient to
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Table 8. Performance of R2E-Net (annotation-free) on PB classification.

Class Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

PB 0.9710 0.6825 0.9256 0.6995 0.6099 0.7748

effectively evaluate the true performance of the system, we opted to perform five-fold cross-validation on AF to
further investigate the generalization ability of the R2E-Net.
The results of the 5-fold cross-validation are shown in Fig. 8:
In the 5-fold cross-validation, the highest F1 score for AF is 0.8102, the lowest is 0.7449, and the average F1 score

is 0.7818. This indicates that R2E-Net exhibits generalization ability in cardiac disease monitoring, maintaining
relatively stable performance across different data subsets.

In terms of recall and precision, R2E-Net showed significant variability, with the twometrics exhibiting opposite
trends. This phenomenon is due to the optimal threshold selection on the validation set, which caused trade-offs
between recall and precision across the different folds. However, as seen in the PR curve in Fig6a, although the
threshold selection may affect recall and precision, R2E-Net still managed to strike a good balance between both
metrics.

The PRROC metric, which is independent of threshold selection, more accurately reflects the true performance
of the model. The PRROC value for the fourth fold is 0.7224, significantly lower than the average value of 0.8252,
which may be due to the data distribution in that fold. However, the PRROC values for the other four folds were
all above 0.8, further validating the superior performance of R2E-Net in practical applications.
In addition to cross-validation, we further evaluated the model’s demographic robustness by stratifying

performance across age and gender groups. Table 9 summarizes model performance across different age and
gender subgroups under a fixed 1:30 class imbalance ratio. As shown in Table 9, R2E-Net maintains consistently
strong performance across most age and gender groups under a controlled class imbalance setting. While a
gradual decline in F1 score is observed with increasing age, the model still achieves competitive results even
in the >65 cohort, indicating that it retains effective discrimination capabilities across demographically diverse
populations. The relatively stable performance across both male and female groups further supports the model’s
generalization capacity in realistic settings.

One notable exception is the lower F1 score observed in the <45 female group. However, this subgroup contains
significantly fewer positive samples compared to other age strata, which limits the reliability of this measurement.
As such, we refrain from attributing this result to a systematic bias, and instead consider it a reflection of limited
statistical support.
Finally, to systematically assess R2E-Net’s generalizability across a broader spectrum of arrhythmias, we

selected premature beats—both premature atrial contractions (PAC) and premature ventricular contractions
(PVC)—as our validation cohort. PACs and PVCs are clinically significant, serving as early harbingers of structural
heart disease such as atrial fibrillation, cardiomyopathy, and heart failure, and are strongly associated with an
elevated risk of malignant arrhythmias and sudden cardiac death. As reported in Table 8, R2E-Net attains an
overall accuracy of 0.971 and an F1-score of 0.682 on premature-beat detection. These results demonstrate that
R2E-Net transcends rhythm-specific constraints and possesses robust transferability to other cardiac arrhythmias,
laying a solid foundation for its broad clinical deployment.
Taken together, the results from cross-validation, demographic-subgroup analyses, and premature-beat

(PAC/PVC) experiments strongly support the conclusion that R2E-Net exhibits desirable generalization properties
across a broad arrhythmic spectrum.
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Table 9. Performance across different age and gender groups on AF. To ensure comparability, the positive-to-negative sample
ratio was fixed at 1:30 for each group.

Age Group
Male Female

F1 Score Recall Precision F1 Score Recall Precision

<45 0.8787 1.0000 0.7836 0.7958 0.7516 0.8456
45–54 0.8571 0.8361 0.8793 0.8953 0.8652 0.9277
54–65 0.8019 0.7944 0.8095 0.7949 0.7623 0.8304
>65 0.7037 0.7724 0.6463 0.7132 0.8017 0.6424

Table 10. Performance of R2E-Net (annotation-free) on AF classification with and without ECG pre-processing. Pre-processing
improves all metrics.

Data Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

Processed 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954
Raw ECG 0.9836 0.7443 0.9332 0.7098 0.6968 0.7988

6.6 Ablation Study on Modeling Conditions
This section presents an ablation study to evaluate the effect of key design choices on the construction and
supervision of latent cardiac event representations in R2E-Net. While these factors are not components of the
model architecture, they play a critical role in shaping the performance and robustness of model

6.6.1 Impact of ECG Signal Processing. As shown in Table 1, there are significant differences in the quality,
distribution characteristics, and statistical properties of data from different sources. These differences may have
a profound impact on the subsequent signal processing and analysis. Therefore, to ensure consistency across
various data sources, we process the ECG signals in Sec 4.1.2, reducing the potential bias introduced by source
domain differences. This section will explore the specific effects of ECG signal processing and analyze its impact
on performance.

As presented in Table 10, whether or not signal processing is applied directly affects the model’s performance.
In the absence of signal processing, due to the variability of ECG signals across different source domains, the
quality and representational power of the signals are significantly reduced, leading to a notable decline in model
performance. Specifically, without signal processing, the model’s performance decreased by 5.92% (from 0.8035 to
0.7443). This result indicates that ECG signal processing not only effectively eliminates the differences between
source domains but also significantly improves the quality and representational power of the signals, thereby
optimizing the performance of downstream tasks.

6.6.2 Impact of Similarity Metrics. To evaluate how different similarity metrics affect the radar’s ability to
translate ECG-based latent cardiac events, we compare three variants of R2E-Net, each employing a distinct
similarity metric during the supervision stage in the latent space. The role of the similarity metric is to guide
the radar encoder to generate latent event representations that align with the structural characteristics of the
ECG-defined reference space.
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Table 11. Impact of different distance metrics in latent event translation for R2E-Net on AF classification.

Metric Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

Euclidean Distance 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954
Cosine Similarity 0.9870 0.7857 0.9798 0.8528 0.7021 0.8919

KL Divergence 0.9719 0.6056 0.9437 0.5993 0.6330 0.5805

Table 12. Impact of auxiliary autoencoder for R2E-Net on AF classification.

Aux. AE Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

– 0.9822 0.6817 0.9732 0.7901 0.5638 0.8618
✓ 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954

From Table 11, the baseline model using L2 distance achieves the best overall performance (F1: 0.8035, PR-AUC:
0.8878), as it jointly constrains both the magnitude and direction of feature vectors. This enables the radar features
to better match the geometry of the latent space, leading to more accurate event classification. In contrast,
cosine similarity only enforces directional consistency while ignoring magnitude, exhibits a slight performance
drop, indicating that magnitude (often reflective of physiological intensity) is also critical for precise event-level
prediction. KL Divergence matchs the distributions of radar and ECG features, shows a notable decline across
all metrics. This suggests that distribution-level constraints may be overly sensitive to local deviations, thereby
hindering effective alignment of radar features to the ECG latent structure.

6.6.3 Impact of Auxiliary Autoencoder. To systematically assess the contribution of the auxiliary autoencoder
within R2E-Net, we conducted a targeted ablation study; the results are presented in Table 12.

The table shows that introducing the auxiliary autoencoder yields substantial improvements across all key
metrics: overall accuracy rises from 0.9822 to 0.9879, F1-score increases from 0.6817 to 0.8035, and the area
under the PR curve improves from 0.7901 to 0.8878. This gain can be attributed to the auxiliary autoencoder’s
explicit reconstruction of the ECG temporal structure, which preserves the integrity and sequential characteristics
of cardiac features, delivers a clearer latent space, further facilitates alignment between radar and ECG, and
ultimately enhances classification performance.

6.6.4 Impact of Segmentation Strategy. In the medical domain, data typically exhibits a pronounced long-tailed
distribution pattern, which inherently leads to class imbalance problems. As evidenced by statistical analysis
(see Table 2), AF as a minority class constitutes merely 3.3% of the total sample, a proportion disparity that may
exert substantial impact on model performance. To address this challenge, we propose a segmentation-based
data augmentation strategy (Algorithm 1). This section conducts ablation studies to systematically evaluate the
influence of different segmentation stride on the performance of R2E-Net.

Experimental results indicate that smaller strides increase sample diversity and lead to a more balanced class
distribution in the training data, which helps mitigate the class imbalance problem and enhances the model’s
generalization capabilities. Our method also demonstrates robust performance across different stride sizes, with a
noticeable decline in F1, ROC, and recall only when the stride becomes large, such as 256 or 512.
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Table 13. Impact of different segmentation stride sizes on AF classification.

Stride Accuracy F1 ROC PR Recall Precision

16 0.9847 0.7792 0.9882 0.8770 0.8418 0.7614
32 0.9874 0.8034 0.9879 0.8770 0.7606 0.8512
64 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954
128 0.9861 0.7819 0.9721 0.8302 0.7340 0.8364
256 0.9836 0.7305 0.9840 0.7889 0.6489 0.8356
512 0.9836 0.7234 0.9783 0.7721 0.6330 0.8440

Table 14. Impact of the size of the ECG dataset for R2E-Net on AF classification.

No. of records Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

5,000 0.9782 0.6084 0.9712 0.7463 0.5000 0.7769
10,000 0.9827 0.7073 0.9852 0.8407 0.6170 0.8286
20,000 0.9840 0.7227 0.9893 0.8609 0.6170 0.8722
40,000 0.9854 0.7840 0.9863 0.8636 0.7819 0.7861
80,000 0.9870 0.7919 0.9841 0.8423 0.7287 0.8671

∼ 160,000 0.9879 0.8035 0.9863 0.8878 0.7287 0.8954

Concurrently, it is noteworthy that an excessively small stride (e.g., 16) induces performance degradation.
This phenomenon is presumably attributable to the excessive segmentation of positive instances: under this
stride, the number of AF-category samples becomes approximately 1.12 times that of the remaining categories,
thereby engendering over-fitting to the AF class during training and consequently compromising the overall
generalization capability.

6.6.5 Impact of the size of the ECG Dataset. R2E-Net utilizes large-scale, publicly annotated ECG datasets
comprising approximately 160,000 recordings to construct a latent space for cardiac events. The use of extensive
ECG data yields a clearer and more compact latent structure, as well as a more efficient and accurate classifier. In
this section, we examine how the size of external ECG data affects performance.
As shown in Table 14, when the number of external ECG samples increases from 5,000 to 40,000, the F1

score rises from 0.6084 to 0.7840, indicating that expanding data scale yields more compact and discriminative
representations, thereby enhancing the model’s diagnostic capability. However, once the sample size exceeds
40,000, all metrics plateau, demonstrating that 40,000 ECG records are sufficient to build a high-quality latent
space and classifier, with additional data offering only limited marginal benefits.

6.6.6 Impact of Select-Point. Traditional radar sensing typically relies on point-selection strategies that use heuris-
tic rules to identify the best signals for improving the signal-to-noise ratio. In real-world conditions,however,these
strategies face two key drawbacks: (1) identifying the optimal points is challenging in noisy environments, and (2)
discarding seemingly redundant points leads to irreversible information loss. To overcome these issues, R2E-Net
replaces heuristic point selection with a spatial encoder that learns the spatial distribution of radar signals in an
end-to-end manner.

We compared two alternative strategies: (i) selecting the points with the highest energy and (ii) selecting the
points most correlated with the ECG signal.To ensure fairness, we selected 21 radar points, each providing I,
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Table 15. Performance comparison of R2E-Net with Select-Point.

Method Accuracy F1 Score ROC-AUC PR-AUC Recall Precision

Spatial Encoder 0.9788 0.7082 0.9532 0.7068 0.7553 0.6667
Maximum Energy 0.9678 0.5095 0.9441 0.4282 0.4946 0.5254

Maximum Correlation 0.9606 0.4233 0.9186 0.3638 0.4255 0.4211

Q, and unwrapped phase channels, resulting in a total of 63 channels, similar to the 64 channels of our spatial
encoder.
Results are summarized in Table 15.Both alternative strategies performed worse than the spatial encoder

because suboptimal point selection not only led to information loss but also made it difficult to determine an
appropriate number of points to balance information coverage and overfitting. In contrast, our method leverages
the cardiac event space to guide the spatial encoder in filtering out irrelevant noise,resulting in a more robust
representation.

7 RELATED WORK

7.1 RF-based Vital Sign Sensing
Radio frequency (RF)-based vital sign sensing has become an attractive modality for contactless health monitoring.
Early studies in this field primarily focused on coarse-grained indicators such as heart rate (HR), respiration,
and inter-beat intervals (IBI), demonstrating that radar signals can capture periodic cardiorespiratory motion in
both single- and multi-person scenarios [1, 6, 36, 65]. Subsequent work extended this line of research to heart
rate variability (HRV) and seismocardiography (SCG)-like mechanical activity [15, 55, 56, 64], enabling more
fine-grained insights into cardiac function through chest-wall micro-motions.

More recent efforts have explored the reconstruction of ECG-like signals from millimeter-wave radar, aiming
to bridge mechanical radar measurements with electrical cardiac activity. Some approaches investigate the
correlation between cardiac mechanical motion and ECG waveforms [12, 61], while others leverage deep learning
models to translate radar signals into ECG representations [5]. These include the use of pre-trained ECG
autoencoders [32], multi-domain disentanglement [23], and physics-informed priors such as ordinary differential
equation constraints [66, 67]. Recent denoising-based pipelines [69] further enhance morphological fidelity and
robustness, and have started to address abnormal heartbeats beyond normal sinus rhythms.
To move beyond waveform reconstruction, a growing body of work investigates direct diagnosis of car-

diovascular diseases using radar signals. For instance, mmArrhythmia [70] employs deep learning models to
classify arrhythmia types directly from radar-derived features, bypassing ECG recovery. AirECG [69] integrates
radar-to-ECG translation and abnormal beat detection into a unified diffusion-based pipeline. These approaches
demonstrate the feasibility of contactless disease recognition, opening new avenues for non-invasive diagnostic
systems.

However, despite promising results, most of these systems are validated under controlled lab conditions or on
small-scale datasets. In real-world deployment, radar-based monitoring must contend with heterogeneous patient
populations, spontaneous motion, and interfering diseases. Such factors introduce significant domain variability
and can degrade diagnostic performance[10, 19, 68]. Robust, generalizable models and evaluation frameworks
that reflect practical deployment scenarios remain critical research challenges.
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7.2 Cross-modal Learning
Cross-modal learning aims to bridge heterogeneous modalities (such as vision and language, audio and video, or
physiological signals and clinical text) by projecting them into a shared semantic space. This joint space enables
knowledge transfer across modalities, facilitating multimodal reasoning, retrieval, and classification.
A seminal line of work in cross-modal representation learning explores how to align vision and language

using either attention-based fusion or contrastive objectives. ViLBERT [34] introduces a dual-stream Transformer
architecture, where visual and textual inputs are processed separately and interact via co-attention layers. This
design enables bidirectional reasoning between image regions and language tokens while preserving modality-
specific structures. In contrast, more recent approaches such as CLIP and BLIP [24, 42] adopt contrastive learning
to align modality-specific encoders into a shared latent space, achieving strong zero-shot performance across
diverse visual tasks. These methods scale effectively to large web corpora, shifting the focus from task-specific
fine-tuning to generalized multimodal understanding.

In contrast to full alignment strategies, CMG [18, 27, 60] advocates for disentangled multimodal representation
learning. By preserving modality-specific latent structures and only aligning shared components via a common
codebook, CMG facilitates robust transfer even under weak or missing modality supervision.

Other works investigate cross-modal knowledge distillation (CMKD), which aims to transfer semantic structure
across modalities using supervision from a more informative modality. For instance, CMKD frameworks [38, 48]
project audio signals into a learned video representation space, enabling models to infer visual dynamics from
audio alone. These methods demonstrate the potential of modality translation even in the absence of paired
samples.

Beyond visual-text alignment, cross-modal learning has also been widely explored across other modality pairs,
including speech-text[40, 54], video-audio[20, 38, 45, 48], and biosignal-language integration [25, 28, 29]. These
studies demonstrate the broad applicability of cross-modal representation frameworks across diverse perceptual
and physiological domains.

8 CONCLUSION
This work introduces a new paradigm for contactless cardiac diagnosis by reformulating the task as a latent
event translation problem, which enables radar-based inference without requiring radar-specific annotations.
By learning a structured event space from ECG and projecting radar signals into this representation, R2E-Net
eliminates the need for complex transfer learning schemes, achieving robust diagnostic performance through
a simple and principled cross-modal projection. Validated on 7,336 clinical recordings, the largest dataset to
date in this domain, our method not only generalizes well across arrhythmias and comorbid conditions, but
also consistently outperforms supervised models trained directly on radar data. Although supervision requires
synchronized ECG, it does not rely on expert labeling, allowing data to be collected passively in practical settings
such as community clinics. This significantly lowers the barrier for dataset construction and paves the way for
scalable, annotation-free cardiac monitoring in real-world deployments.
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