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Highlights
AVAESA: Adaptive VAE with Self-Attention and Learnable Signal
Processing for Robust Radar-Based Heart Rate Estimation

Mohammad Hossein Shirazi, Sira Yongchareon, Anuradha Singh, Jing Ma

e Novel AVAESA architecture with dual-stream I/Q processing and self-
attention for enhanced temporal modeling

e Adaptive signal processing reduces dependency on fixed filter parame-
ters through learnable, signal-driven preprocessing

e Improved cross-domain generalization maintains performance across di-
verse measurement conditions with statistical validation

e Comprehensive evaluation against multiple baselines (CNN, LSTM, Bi-
LSTM, TCN, VAE) establishes architectural design principles for con-
tactless cardiac monitoring
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Abstract

Non-contact heart rate monitoring using radar sensors offers significant ad-
vantages for healthcare and automotive applications by preserving privacy
while enabling continuous physiological assessment. Current Variational Au-
toencoder (VAE) approaches for radar-based vital sign monitoring, while su-
perior to traditional neural networks, suffer from fixed preprocessing assump-
tions and inadequate temporal modeling that limit their generalization across
diverse measurement conditions. This study introduces AVAESA (Adaptive
VAE with Self-Attention and Learnable Signal Processing), a novel architec-
ture that addresses these limitations through three key innovations: dual-
stream in-phase/quadrature signal processing that preserves critical phase
relationships, multi-head self-attention mechanisms for enhanced temporal
dependency modeling, and adaptive signal preprocessing with learnable pa-
rameters that derive frequency bands and processing weights directly from
input signal characteristics. The framework was evaluated on 1,920 measure-
ments from 10 participants across 48 measurement scenarios (4 distances x
3 angles x 4 orientations), assessing cross-scenario robustness under mea-
surement domain shift, with Polar H10 chest strap ground truth validation.
Comprehensive comparison against multiple architectures (CNN, LSTM, Bi-
LSTM, TCN, VAE) with statistical significance testing demonstrates sub-
stantial performance improvements, with mean absolute error reductions
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ranging from 17.3% under optimal conditions to 62.6% under challenging
cross-domain generalization scenarios. AVAESA maintains high accuracy
(correlation coefficient > 0.86, R? > 0.84) even under extreme domain shift
conditions where baseline approaches exhibit degraded performance, demon-
strating potential for contactless cardiac monitoring systems across diverse
measurement environments through improved cross-scenario robustness.

Keywords: Non-intrusive Vital Sign Monitoring, Machine Learning, Radar,
Generative Models, Attention Modules, Variational Autoencoders

1. Introduction

Heart rate monitoring represents a critical component of physiological
health assessment, serving as an essential indicator for heart rate variability
evaluation and early detection of cardiac abunormalities [1, 2]. The increasing
demand for continuous health monitoring, particularly in applications such
as driving, independent living, and patient care, necessitates innovative non-
contact monitoring solutions |3, 4.

Radar sensors facilitate the acquisition of physiological signals while pre-
serving privacy and minimizing environmental disturbances such as lighting
variations, rendering them essential for ambient intelligence applications [5].
The technology operates by emitting signals that reflect off the human body,
enabling detection of minute chest movements associated with cardiac ac-
tivity [6]. This provides significant advantages over contact-based sensors,
which may be uncomfortable during extended monitoring or for individuals
with skin sensitivities |7].

The integration of radar with machine learning and deep learning has
transformed signal analysis, enhancing the accuracy of vital sign acquisition
[8, 9, 10}.. Recent comprehensive analyses have demonstrated that machine
learning approaches for radar-based vital sign monitoring achieve superior
performance compared to traditional signal processing techniques across var-
ious monitoring scenarios [11, 12].

A systematic survey by Shirazi et al. [11| provides crucial insights into
the effectiveness of different machine learning paradigms for radar-based vital
sign monitoring. Their comprehensive analysis of 34 studies from 2020-2025
reveals that VAE architectures demonstrate effective performance in vital
sign monitoring applications, achieving correlation scores of 0.9 for UWB
sensors and 0.92 for FMCW sensors compared to ground truth measurements
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[13]. VAE-based systems have shown strong adaptability, with implementa-
tions achieving 92.5% accuracy in respiratory rate estimation while reducing
signal distortion by 15% compared to traditional approaches [14]. These re-
sults demonstrate that VAE architectures excel in noise reduction and signal
quality enhancement through their ability to learn probabilistic representa-
tions of physiological patterns [15, 16]. The survey findings indicate that VAE
approaches offer fundamental advantages over discriminative models through
their generative modeling capabilities, enabling effective noise handling and
robust signal separation [16, 17, 18, 19]. Unlike traditional neural network
architectures that learn direct mappings from inputs to outputs, VAEs learn
continuous latent representations that capture the underlying structure of
physiological signals, leading to improved generalization and robustness to
measurement artifacts [20, 19].

Despite these advances, current VAE-based approaches face three criti-
cal limitations that constrain their practical deployment. First, they rely on
fixed preprocessing parameters (e.g., predetermined frequency bands,
static filter designs) that assume specific measurement configurations, lead-
ing to poor generalization when deployment conditions differ from train-
ing scenarios [22]. Second, conventional VAE encoders employ inadequate
temporal modeling through simple pooling or basic recurrent operations,
failing to capture long-range dependencies critical for cardiac rhythm analy-
sis [23]. Third, magnitude-only signal processing approaches discard phase
information essential for accurate timing extraction, particularly when pro-
cessing complex /() radar returns [24]. These architectural deficiencies result
in substantial performance degradation under domain shift conditions, lim-
iting the applicability of VAE-based approaches in uncontrolled monitoring
environments.

This study addresses the challenge of cross-scenario robustness—the
ability to miaintain accurate heart rate estimation when measurement con-
ditions (distance, angular position, subject orientation) differ substantially
from training configurations. Unlike cross-subject generalization studies that
evaluate performance on unseen individuals, our work evaluates whether ar-
chitectural innovations enable consistent performance when measurement ge-
ometry changes, even when monitoring the same individuals. For example,
a model trained on measurements at 40cm, 80cm, and 120cm must maintain
accuracy when deployed at 160cm. This reflects practical radar deployment
scenarios where systems trained in controlled laboratory conditions must op-
erate under diverse field geometries.
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Using a publicly available dataset with 1,920 measurements from 10 par-
ticipants across 48 systematically varied measurement configurations (4 dis-
tances x 3 angles X 4 orientations), we demonstrate that architectural in-
novations in signal processing and temporal modeling substantially improve
robustness to measurement domain shift. The dataset’s rich scenario diver-
sity provides appropriate experimental conditions for evaluating architectural
mechanisms that enable cross-scenario generalization.

This study makes three key contributions to radar-based heart rate mon-
itoring:

e We introduce AVAESA (Adaptive VAE with Self-Attention), a novel
architecture that integrates attention-based temporal modeling and po-
sitional encoding within a variational framework. By employing ded-
icated self-attention layers for separate 1/Q signal streams, AVAESA
achieves improved accuracy in heart rate estimation compared to con-
ventional architectures, including Long Short-Term Memory (LSTM),
Bidirectional LSTM (Bi-LSTM), Convolutional Neural Network (CNN),
Temporal Convolutional Network (TCN), and baseline VAE models.

e We implement a learnable signal processing module that eliminates
reliance on fixed preprocessing parameters (predetermined frequency
bands at 0.7-3.5 Hz, static multi-scale weights, fixed component fu-
sion ratios). The adaptive mechanism derives all processing param-
eters directly from input signal characteristics—SNR, spectral shape,
and dominant frequencies—enabling automatic adjustment to varying
measurerient conditions (distance, angle, orientation) without manual
recalibration.

e We present comprehensive cross-scenario evaluation demonstrating AVAESA’s
enhanced robustness when measurement conditions differ from train-
ing configurations. Using systematic variations in distance, angular
position, and subject orientation, AVAESA achieves error reductions
ranging from 17.3% under matched conditions to 62.6% under extreme
domain shift scenarios compared to baseline VAE approaches.

The remainder of this paper is structured as follows: Section 2 reviews
related work in radar-based heart rate monitoring and VAE architectures.
Section 3 presents the methodology, including dataset characteristics and
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the proposed attention-enhanced VAE framework. Section 4 presents ex-
perimental results and performance comparisons. Section 5 concludes with
findings and implications.

2. Related Work

Variational autoencoders provide superior generative modeling capabili-
ties for radar-based vital sign monitoring through their ability to learn robust
latent representations of physiological signals [16, 18, 25|. Unlike discrimina-
tive models that directly map noisy inputs to outputs, VAEs can potentially
filter noise while preserving essential physiological characteristics through
their probabilistic latent space representation|26].

Zhang et al. [13] pioneered VAE networks for extracting fine-grained
heartbeat waveforms from RF sensors, achieving correlation scores of 0.9 for
UWB and 0.92 for FMCW sensors. Their approach successfully addressed
nonlinear signal mixing challenges, demonstrating superior performance com-
pared to traditional EEMD [27| methods in handling signal artifacts. How-
ever, Zhang et al.’s method focused primarily on waveform reconstruction
accuracy without addressing temporal consistency issues critical in continu-
ous monitoring.

Building upon Zhang et al.’s reconstruction framework, Jang et al. [15]
developed a comprehensive VAE-based signal reconstruction system target-
ing temporal consistency problems. Their approach transforms Doppler Car-
diogram signals into symthetic ECG representations, achieving 75.5% im-
provement in heart rate variability consistency compared to direct measure-
ments. While addressing Zhang et al.’s temporal limitations, this approach
required synthetic ECG generation, adding computational complexity and
potentially introducing artifacts.

The MoRe-Fi system by Zheng et al. 21| applied VAE architecture for
respiratory monitoring, achieving remarkable robustness to extreme noise
conditions including full-scale body movements while maintaining cosine sim-
ilarity above 0.95. Compared to Zhang et al.’s and Jang et al.’s cardiac-
focused approaches, MoRe-Fi demonstrated superior motion robustness but
specialized for respiratory patterns rather than complex cardiac signals. This
highlights the fundamental trade-off between signal-specific optimization and
generalizability across vital signs.

These applications demonstrate that while VAE’s generative modeling
capabilities offer inherent advantages in learning noise-resistant representa-
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tions, each implementation addresses only a subset of radar-based vital sign
monitoring challenges, creating fragmented specialized solutions rather than
comprehensive approaches.

2.1. Limatations of Traditional VAE and the Need for Enhanced Architectures

Despite their generative advantages, traditional VAE implementations
suffer from critical limitations constraining their effectiveness in radar-based
physiological monitoring. Comparative analysis reveals three fundamental
shortcomings that no single method adequately addresses.

First, conventional VAE architectures rely on simple temporal aggrega-
tion methods such as mean pooling, inadequately capturing complex tempo-
ral dynamics essential for physiological signal analysis [28]. This limitation
is evident across all approaches: Zhang et al.’s method struggles with tempo-
ral dependencies spanning multiple heartbeat cycles; Jang et al.’s synthetic
ECG approach partially addresses this through post-processing but fails to
capture temporal relationships within the VAE latent space; and Zheng et
al.’s MoRe-Fi system relies on simplified temporal modeling unsuitable for
complex cardiac rhythm analysis.

Second, existing VAE implementations struggle with capturing intricate
underlying correlations and temporal dependencies in time series data [29].
Zhang et al.’s high correlation scores mask poor performance on complex
arrhythmias, while Jang et al.’s improved temporal consistency loses sub-
tle cardiac timing relationships present in original radar signals. Tradi-
tional VAEs face difficulties estimating underlying data distributions when
complex prior distributions require assumptions differing from actual data
characteristics|30].

Third, current approaches typically process radar signals in simplified
ways, converting complex 1/Q data to magnitude representations and losing
critical phase information [31, 32]. Zhang et al. focus primarily on magnitude
information, losing phase relationships critical for accurate timing; Jang et
al. partially preserve phase through synthetic ECG but introduce new phase
distortions; Zheng et al.’s MoRe-Fi maintains some phase information but
optimizes for respiratory rather than cardiac phase patterns. Encoder archi-
tectures rely only on basic convolutional or recurrent layers, lacking advanced
mechanisms to focus on relevant temporal features [33].

Recent advances propose enhanced architectures integrating additional
mechanisms with VAE frameworks. The VAEAT approach demonstrates
that combining VAEs with adversarial training and attention mechanisms

6
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improves reconstruction quality and pattern recognition in complex temporal
sequences [29]. The VAR-VAE framework shows that operating VAE models
in latent spaces with explicit temporal dynamics significantly improves time
series performance [28].

These findings motivate integrating self-attention mechanisms with VAE
architectures to enhance temporal modeling capabilities while preserving gen-
erative advantages of variational inference for radar-based vital sign moni-
toring.

2.2. Self-Attention Mechanisms: Addressing Temporal Modeling Deficiencies

Self-attention mechanisms [34| provide a powerful solution to weak tem-
poral modeling that constrains all previously discussed approaches. Through
learnable query—key—value interactions, self-attention adaptively attends to
the most informative parts of input sequences, rather than relying on fixed
pooling or simplistic recurrent aggregation |35, 36]. This represents a funda-
mental advance over static approaches used by Zhang et al., post-hoc tempo-
ral processing by Jang et al., and specialized but limited temporal modeling
in Zheng et al.’s MoRe-Fi system. Dynamic weighting mechanisms enable
capture of subtle temporal dependencies across multiple time scales [37].

Research demonstrates multi-head self-attention effectiveness for com-
plex temporal modeling, offering solutions to limitations in existing radar-
based VAE approaches. Chen et al. [38| achieve state-of-the-art accuracy in
physiological signal analysis through hybrid CNN-Transformer models where
different attention heads specialize in distinct patterns—directly addressing
I/Q processing limitations in Zhang et al.’s magnitude-focused approach.
SDVS-Net employs multivariate self-attention to preserve variable dependen-
cies across temporal dimensions [39], offering principled solutions to temporal
consistency problems Jang et al. address through synthetic ECG generation.
MDSAnet utilizes memory-driven self-attention mechanisms for global fea-
ture extraction while maintaining computational efficiency [40|, potentially
providing MoRe-Fi’s motion robustness while extending to cardiac monitor-
ing.

Positional encoding enriches this framework by providing explicit tem-
poral order, absent in conventional VAE formulations [41]. When inte-
grated into VAE frameworks, self-attention strengthens temporal represen-
tation while preserving probabilistic generative capacity of variational in-
ference [42]. This combination creates architectures capable of both noise-
resilient signal reconstruction and fine-grained temporal modeling, making

7
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self-attention-enhanced VAEs compelling for radar-based vital sign monitor-
ing that can unify specialized advantages demonstrated by Zhang et al.’s
reconstruction accuracy, Jang et al.’s temporal consistency, and Zheng et
al.’s motion robustness within a comprehensive framework.

3. Methodology

Table 1 summarizes the mathematical notation used throughout this sec-
tion.

Table 1: Summary of mathematical notation

Symbol Description

1,Q In-phase and quadrature radar signals

r(t) Complex radar signal, r(t) = I(t)+ jQ(t)
n,m,t Antenna index, chirp index, fast-time sample index
z Latent representation

u,o? Variational posterior niean and variance

o} Signal-derived adaptive parameters

&r, &g [-channel and Q-channel encoders

D Decoder network

A Adaptive signal processor

wr, W Uncertainty-based fusion weights

ay, Multi-scale convolution weights (kernel size k)
dy Attention key dimensionality (512)

h, h Ground truth and predicted heart rate

Lr1BO Evidence lower bound objective

Lur Heart rate supervision loss

The AVAESA framework operates through two main components: (1)
Signal Preprocessing and 1/Q Domain Analysis and (2) Adaptive VAE with
Self-Attention (AVAESA). The architecture is shown in Figure 1.

3.1. Signal Preprocessing and 1/ Domain Analysis

The signal preprocessing pipeline establishes the foundation for effective
VAE training by preserving critical 1/Q baseband information while elimi-
nating fixed preprocessing assumptions introduced by fixed filtering assump-
tions. This approach maintains phase relationships essential for cardiac signal
extraction through adaptive processing mechanisms.

8
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3.1.1. Raw 1/Q) Baseband Preservation and Signal Quality Assessment

Traditional radar preprocessing pipelines apply immediate filtering and
demodulation operations that embed fixed assumptions about cardiac fre-
quency ranges, typically employing 0.7-3.5 Hz Butterworth filters [43, 44].
This creates measurement bias when fixed frequency bands assume a specific
distance and angular configurations, phase information loss from magnitude-
only processing, and non-adaptive signal conditioning through fixed filters
[45].

Raw data extraction organizes interleaved 1/Q samples following the com-
plex representation:

Prm(t) = Lngn (1) + §Qnm(t) (1)

where n denotes the antenna index, m represents the chirp index, and ¢
is the fast-time sample index [46]. Separate I and Q matrices are extracted
for each antenna:

L, = [Loa(t), Loo(t), . .., Ly (H)]" (2)
Qn = [Quilt), @na(t), .-, Quar(t)]” (3)
where M represents the total number of chirps in the measurement se-

quence.
Cross-correlation analysis verifies proper quadrature relationship between
I and Q components:

S -DRn-Q) \
p1Q = - - (4)
Vo UI() = 1)232,(Q() - Q)
where I and Q) represent the mean values of I and Q components. Hilbert
transform verification provides theoretical validation:

Quibens (1) = H{I(1)} = (1) — (5)

where x denotes convolution and H represents the Hilbert transform op-
erator. The correlation validation:

Philbert = COI'I'(Q(t), thlbert(t)) > 0.7 (6>
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3.1.2. Range-Doppler Processing, Target Detection, and Background Sub-
traction
Range-Doppler processing isolates target signals through two-dimensional
FFT operations:

Su(fr, fa) = FFTH{FFT {rm(t)}} (7)

where f, and f; represent range and Doppler frequencies. Target bin
selection identifies the range corresponding to maximum cardiac reflection

energy:

bin max S, (b, m))? 8

target — be[bmm, max] Z ’ >| ( )

SNR estimation for antenna selection computes cardiac-specific quality
metrics:

o2
SNR,n g signal (9)
Hrnoise + €
Where 0% gna1 TEDTESENtS signal variance, finoise i the mean noise level, and

€ = 10~® prevents division by zero.
The loopback filter removes static clutter influence:

n(t) = Ben-a(t) + (1 = B)ra(t) (10)

where ¢, (t) represents the estimated static background, r,(¢) denotes the
received signal frame, and 8 = 0.9 is the forgetting factor. The background-
subtracted signal:

o (t) = 1a(t) — cal(t) (11)
CFAR threshold estimation:

(12)

Thoise (

keN (t)

where « is the threshold multiplier, N, is the number of reference cells,
and N (t) represents the neighborhood around the test cell.

10
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3.1.3. Adaptive Signal Processing and Data Organization
The adaptive processor implements learnable transformation functions:

hprocessed = ‘Fadaptive (I, Q; 0) (13>

where 0 represents learnable parameters including frequency band bound-
aries, multi-scale processing weights, and component fusion coefficients. The
adaptive processor employs specialized neural network architectures with
three main components: AdaptiveFrequencylLearner, multi-scale convolu-
tional processors, and an adaptive component fusion network for I/Q in-
tegration, as shown in Figure 2.

The AdaptiveFrequencyLearner utilizes multi-layer perceptron with GELU
activations and Softplus output to ensure positive frequency bounds. Multi-
ple signal representations capture different cardiac mechanics aspects:

Tmag(t) =/ I? (t) + Q? (t>
Tphase (t) = arctan2(Q)(t), I(t)) (14)
Treal(t) = I(t>

Timag(t) B Q(t>

Each representation undergoes specialized processing through dedicated
convolutional networks with multiple kernel sizes (3, 7, 15, 31 samples) to
capture different temporal scales of cardiac activity. The scale selection net-
work employs linear layers with GELU activation to learn optimal weights
for each temporal scale. The component processors implement separate con-
volutional pathways for magnitude, phase, real, and imaginary signal compo-
nents, each employing batch normalization and GELU activation for stable
gradient flow.

Attention-based fusion combines the processed representations using learned
weights:

hgpa = Z a; - Ci(ri(t)) (15)

where «; are learned attention weights optimized during training to mini-
mize heart rate estimation error, and C; represents component-specific neural
networks that apply personalized processing to each signal representation.

The HDFb5 architecture organizes data where each participant and mea-
surement combination contains two primary data groups. The first group

11
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stores raw I and Q baseband signals as separate datasets, while the second
group contains processed heart signals for validation purposes. The float32
precision maintains sufficient dynamic range for neural network training while
minimizing storage requirements. The HDF5 format provides compressed
storage, random access patterns for mini-batch training, parallel loading ca-
pabilities for multi-GPU training configurations, and chunk-based 1/0O for
handling large temporal sequences. Algorithm 1 provides the complete im-
plementation of the signal preprocessing pipeline, integrating I/Q validation,
range-Doppler processing, target detection, and HDF5 data organization for
VAE training.

Algorithm 1 Radar Signal Processing for VAE Training Data
Require: Binary radar file B, participant ID p, measurement ID m
Ensure: Raw I/Q signals L ay, Qraw € RE
: Iy, Qi < ParseBinary(B) // Extract multi-antenna 1/Q
: ValidatelQ(I,x, Q.x) // Hilbert transform validation
: fora=0to Ny —1do
F, < RangeFFT(I,«[a] + jQ.:la]) // Range processing
be < FindTargetBin(F,) // Target detection
¢, < PhaseExtract(¥,[:;0,]) // Phase signal
SNR, «+ QualityMetric(¢,) // Signal quality
end for
a* < argmax, SNR, // Best antenna selection
Low, Qraw ¢ Lic[a*], Qix[a*] // Raw signal extraction
: SaveHDF5(1,0ws Qraw, P, m) // VAE-compatible storage
: return I, Qraw

L NSO R

= = =
N = O

3.2. Adaptive VAE with Self-Attention (AVAESA)

Traditional VAE implementations for radar-based vital sign monitoring
suffer from fundamental rigidity: they apply fixed preprocessing parameters
(predetermined frequency bands such as 0.7-3.5 Hz), static channel fusion
weights, and uniform temporal aggregation regardless of measurement con-
ditions. This inflexibility creates brittleness under domain shift—parameters
optimized for one measurement geometry (e.g., lI-meter frontal positioning)
perform poorly under different conditions (e.g., 3-meter angular position-
ing) due to range-dependent signal attenuation, angle-dependent scattering
patterns, and orientation-dependent multipath interference. Furthermore,

12
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deterministic latent representations create discontinuous feature spaces that
fail to generalize to unseen physiological patterns, and temporal dependencies
are inadequately modeled through simple recurrent architectures [40, 36].

AVAESA addresses these limitations through a multi-level adaptive frame-
work where processing parameters and fusion weights are derived dynamically
from input signal characteristics rather than fixed a priori. This adapta-
tion operates across three interconnected levels: (1) signal-level adaptation
through learnable preprocessing parameters, (2) representation-level adap-
tation via uncertainty-weighted I/Q fusion, and (3) temporal-level adapta-
tion using multi-head self-attention. By conditioning processing decisions on
observed signal properties—spectral content, channel reliability, and tempo-
ral patterns—rather than fixed measurement assumptions, AVAESA creates
a measurement-invariant processing pipeline that maintains robust perfor-
mance across diverse scenarios.

3.2.1. Signal-Adaptive Processing and Measurement-Invariant Feature Fux-
traction

The signal-adaptive processor implements the first level of adaptation by
transforming raw I/Q signals through learnable parameters derived from cur-
rent signal characteristics rather than scenario-specific configurations. Unlike
conventional approaches that apply predetermined bandpass filters, AVAESA
analyzes each input signal’s spectral content, signal-to-noise ratio, and fre-
quency characteristics to compute optimal processing parameters. For high-
SNR measurements from short distances, the processor selects narrower fre-
quency bands centered on strong cardiac harmonics; for low-SNR measure-
ments from longer distances, it adapts by broadening frequency bands and
emphasizing lower-frequency components less affected by range attenuation.
Critically, these decisions occur independently for each input sample based
on its measured characteristics, reducing sensitivity to deployment conditions
while maintaining physiological adaptability:

Sprocessed = A(I, Qa d)(Ia Q)) (16>

where ¢(I, Q) represents signal-derived adaptive parameters and A im-
plements multi-scale processing. The adaptive parameter extraction operates
through frequency analysis:

¢<Ia Q) = fadaptive (ffrequ: @ Q)) (17)

13
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where @ denotes channel concatenation, Fpeq performs frequency analy-
sis through convolutional layers, and F,qaptive maps signal characteristics to
processing parameters.

Multi-scale processing captures different temporal scales of cardiac activ-

ity:
A(Iv Qa ¢) = Z g - Cond(Scomponent) (18>
ke{7,15,31,63}

where «;, are learned weights derived from ¢ and Conv, represents con-
volution with kernel size k. Signal components are extracted as:

Smag = I +7Q]

Sphase = A(I + jQ) (19)
Sreal = I

Simag = Q

Attention-based component fusion combines processed representations us-
ing learned weights:

4
Sfinal = Z Bi - Ci(si) (20)
i=1

where (3; are attention weights and C; represents component-specific pro-
cessing networks.

3.2.2. IQVAFE Methodology and Dual-Stream Architecture

The IQVAE framework maintains separate processing pathways for in-
phase and quadrature components throughout the entire network architec-
ture, as illustrated in Figure 3. The variational framework operates on the
principle that cardiac signals extracted from radar reflections exist within
a continuous latent space where similar physiological states map to nearby
representations.

The encoder networks map input I/Q sequences to distributional param-
eters in the latent space:

66(2|L, Q) = N (u(I, Q), diag(c*(I, Q))) (21)

where ¢ represents learnable encoder parameters, z denotes the latent rep-
resentation, and p and o2 are the learned mean and variance functions.

14
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The variational objective optimizes the Evidence Lower BOund (ELBO):

Lerso = Eq,@rallog po(I, Qlz)] — Dxr(as(2[1, Q)|[p(2)) (22)

where the first term ensures accurate signal reconstruction while the KL
divergence term regularizes the latent space to follow a standard Gaussian
prior.

Each encoder stream implements hierarchical feature extraction architec-
ture combining convolutional layers with enhanced residual blocks:

fi = &(L; é1) (23)
fq = &E(Q; ¢q) (24)

where & and &g represent the I and Q encoder networks with learnable
parameters ¢; and ¢q. The parallel architecture enables each stream to learn
specialized representations: the I channel captures direct reflection patterns
from cardiac motion, while the (Q channel encodes phase-shifted information
containing timing relationships critical for rhythm analysis.

3.2.8. Self-Attention Mechanisms and 1/Q) Feature Fusion

The self-attention mechanisin provides the third level of adaptation through
dynamic temporal feature aggregation. Unlike fixed temporal pooling oper-
ations (e.g., mean or max pooling), attention mechanisms learn to iden-
tify which temporal segiments contain robust cardiac information and which
are dominated by noise or respiratory interference. When processing mea-
surements with strong respiratory artifacts in certain time steps, attention
weights automatically decrease for those corrupted segments while emphasiz-
ing cleaner portions of the signal. This temporal selectivity adapts dynami-
cally based on observed signal patterns in each measurement window.

The attention mechanism operates on temporal sequences of encoded
features, enabling the network to model relationships between distant time
points [39]:

Attention(Q, K, V) = softmax (QKT> \% (25)
o ven

where Q, K, and V represent query, key, and value matrices derived from
the temporal feature sequence with dimensionality dp = 512. The scaling
factor v/dj, prevents attention weights from becoming too sharp, maintaining
gradient stability during training.

15
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Positional encoding provides temporal context through sinusoidal func-

tions:
N pos
PE(pos, 2i) = sin (—100002i/dm0de1) (26)
. B pos
PE(pOS, 21 + 1) = COS (m) (27)

where pos denotes the temporal position, ¢ represents the dimension in-
dex, and dpogqa = 512 is the feature dimension. Multi-head attention enables
the network to attend to different aspects of the temporal sequence simulta-
neously, with AVAESA employing 8 attention heads |39]:

MultiHead(Q, K, V) = Concat(head, . . ., heads)W© (28)

where each attention head focuses on different temporal patterns, such as
short-term cardiac cycles, respiratory modulation, or heart rate variability
trends.

After parallel encoding with self-attention, the I and Q) feature sequences
undergo temporal aggregation through learned attention weights:

T
fI,agg = Z O‘Ltﬁ,t (29)
t=1
T
fQ 008 = Z aqifq. (30)
t=1

where og ¢ and aq ¢ are computed through softmax normalization of mean
attended features across the feature dimension, and f;; and fq  represent the
attention-enhanced features at temporal position .

The aggregated features are mapped to latent distributional parameters:

Hr = Wil age + by

31
log o7 = W ifi age + Do o

o = W qfqag + buq

1 2 =W, f b (82)
0804 = WoqlQags T Doq

The second level of adaptation emerges in the fusion of I and Q chan-
nel representations. The fusion mechanism derives from precision-weighted
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averaging in Bayesian inference: when combining estimates from multiple
sources with different uncertainties, optimal combination weights each source
inversely proportional to its variance (i.e., proportional to its precision 7 =
1/0?%). Rather than combining channels with fixed weights, AVAESA learns
to predict uncertainty (variance) for each channel’s latent representation sep-
arately. The exponential formulation w = exp(—o?) provides a numerically
stable approximation that preserves this inverse relationship: channels ex-
hibiting lower variance—indicating more consistent, reliable features—receive
exponentially higher fusion weights, while high-variance channels are auto-
matically downweighted. This mechanism proves essential when one channel
becomes corrupted by measurement artifacts or interference: the architecture
automatically relies more heavily on the cleaner channel without requiring
explicit artifact detection rules. The fusion weights emerge from the data
itself, adapting to the signal quality of each measurement:

wy = exp(—mean(a})), wq = exp(—mean(ay)) (33)

_ wizr + wqQzqQ

34
wr + wq (34)

where z; ~ N(py,07) and zq ~ N(ug,03) are the reparameterized
latent variables sampled using the reparameterization trick for gradient-based
optimization.

The alignment loss ensures consistency between I and Q latent distribu-
tions using the Wasserstein distance:

Lasign = Walas(2111), 45(20|Q)) = s — poll2 + lor — ol (35)

where W5 denotes the 2-Wasserstein distance between Gaussian distributions,
computed as the sum of mean and standard deviation differences between the
I and Q latent posteriors.

The integration of these three adaptive mechanisms—signal-level parame-
ter derivation, representation-level uncertainty weighting, and temporal-level
attention——creates a measurement-invariant processing pipeline. By condi-
tioning decisions on observed signal properties rather than fixed assump-
tions, AVAESA learns how to adapt its processing based on signal character-
istics, explaining its superior cross-scenario generalization demonstrated in
Section 4.
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3.2.4. Training Objective
The AVAESA training objective combines the variational ELBO with
task-specific supervised losses:

£total = »Crecon + ’Y(ﬁf(L + EgL) + n‘calign + >\HR£HR + Aspectralﬁspectral (36>

where Liecon 18 the reconstruction loss combining MSE and smoothness
constraints, £k, and EgL are KL divergence terms for I and Q latent distribu-
tions, Lalign is the Wasserstein distance alignment between I/Q distributions
(Equation 35), and Lyr = MSE(iAz7 het) provides direct supervision on heart
rate predictions. The spectral loss Lgpectral €nforces frequency-domain con-
sistency between reconstructed and target signals within the cardiac band.
Hyperparameters are set to v = 1.5, n = 107%, Agr = 20, and Aspectral = 10
based on validation performance.

Heart rate h is extracted from reconstriicted signals via spectral peak de-
tection within participant-specific frequency bounds learned during training
(Section 3.2), rather than fixed frequency ranges. This hybrid objective en-
sures the latent space captures both general cardiac signal structure through
the variational framework and task-relevant features through supervised HR
loss, improving estimation accuracy while preserving noise-filtering capabili-
ties inherent to VAE architectures.

Algorithm 2 provides the complete forward pass procedure for AVAESA,
integrating signal-adaptive processing, dual-stream encoding with self-attention,
uncertainty-weighted latent fusion, and heart rate estimation.

3.8. Architectural Parameter Selection

This subsection validates three critical architectural parameters under
challenging cross-domain conditions to demonstrate systematic optimization
rather than arbitrary parameter selection. Critically, all validation experi-
ments employ an unseen scenario protocol: models are trained exclusively on
angular position (0°, 30°, 45°) and subject orientation (front, back, left, right)
data, while distance measurements (40, 80, 120, 160 cm) are completely held
out for testing. This means the distance domain remains entirely unseen dur-
ing training, representing a rigorous evaluation of cross-domain generalization
capability rather than interpolation within known measurement conditions.

Latent Space Dimensionality: Table 2 demonstrates that 128 dimen-
sions achieve optimal performance (MAE = 2.66 BPM) on the unseen dis-
tance test set. Lower dimensions (16-32) lack representational capacity for
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Algorithm 2 AVAESA

Require: 1/Q sequences I, Q € RB*T*L
Ensure: Heart rate h € R, reconstructed signals § €
: Initialize adaptive processors A, encoders &;, &y, decoder D
2: Initialize self-attention modules SAr, SAg
{Signal-Adaptive Processing - eliminates fixed parameter assumptions}
3: fort=1to T do
4: ¢, < SignalAnalysis(I.;., Q..;.) {Extract SNR, spectral shape, domi-
nant freqs}
5 [fiows frign) < LearnedFreqBounds(¢,)
6: [, an5, 31, 063] < LearnedScaleWeights(¢,) {Multi-scale temporal

RBXTXL

—_

kernels}

7 sgl),ng) — AL, Q..;¢,) {Process 4 components: mag/phase/re-
al/imag}

8: end for

{Parallel I/QQ Channel Encoding with Self-Attention}

9: £« &({s!"1,) {I-chiannel CNN encoding}

10: fgo SQ({ng)}gF:l) {Q-channel CNN encoding}

11: hy < SA;(PosEnc(f;)) {8-head self-attention on I features}

12: hg < SAg(PosEnc(fy)) {8-head self-attention on Q features}
{Variational Latent Space}

13: p;, 0% < Linear(h;) {I-channel latent parameters}

14: pg, 05 < Linear(hg) {Q-channel latent parameters}

15: 27 ~ N(pp, 07), 2o ~ N(pg, ) {Reparameterization trick}
{Uncertainty-Weighted Latent Fusion}

16: wy = exp(—mean(o7)), wg + exp(—mean(oy)) {Lower variance —
higher confidence}

17: z m—wff {Adaptive I/Q combination based on uncertainty}

{Temporal Decoding and Heart Rate Estimation}
18: § < D(z) {ConvTranspose decoding to heart signals}
19: h + SpectralHREstimation(s) {FFT peak detection in cardiac band}
20: return iL, S
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Table 2: Architectural parameter validation under cross-domain generalization (trained
on angular/orientation, tested on unseen distance scenarios)

Parameter Configuration MAE (BPM) R? Pearsonr
Latent Space Dimensionality

16 dimensions 2.91+0.44 0.813 0.904
32 dimensions 3.18 £ 0.52 0.734 0.872
64 dimensions 2.68 £0.33 0.840 0.917
128 dimensions 266+0.31 0.841 0.919
256 dimensions 3.55 £ 0.61 0.717 0.853
Attention Head Configuration

4 heads 3.28 +0.49 0.764 0.875
8 heads 2.66 +£0.31 0.841 0.919
16 heads 3.10 £ 0.47 0.759 0.879
I/Q Processing Alternatives

Dual-Stream 1I/Q 266+0.31 0.841 0.919
Magnitude-Only 3.07£0.45 0.801 0.901
Concatenated 1/Q 3.27£0.53 0.740 0.868

complex cardiac patterns, while higher dimensions (256) exhibit overfitting
to training scenarios (33.5% performance degradation), limiting cross-domain
generalization to unseen measurement conditions.

Attention Head Configuration: The 8-head configuration outper-
forms alternatives by 18.9% over 4 heads and 16.5% over 16 heads when
generalizing to unseen distance measurements. Four heads provide insuf-
ficient diversity to capture multiple temporal patterns, rhythm variations,
and 1/Q relationships that transfer across measurement domains. Sixteen
heads introduce excessive complexity without performance benefits, indicat-
ing overfitting to training domain characteristics that do not generalize to
the held-out distance scenarios.

I/Q Processing Alternatives: Dual-stream [/Q processing with ded-
icated encoders achieves optimal performance (MAE = 2.66 BPM, r = 0.919)
on unseen distance data, outperforming alternative design choices. Magnitude-
only processing shows 15.4% degradation (MAE = 3.07 BPM) by discarding
phase information entirely, which contains essential timing relationships for
accurate cardiac rhythm extraction. Concatenated I/Q processing degrades
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performance by 22.9% (MAE = 3.27 BPM) because early channel fusion pre-
vents the network from learning specialized representations for each compo-
nent. The contribution of dual-stream architecture to AVAESA’s full system
is further quantified through ablation analysis in Section 4.2.6, which demon-
strates that removing this component causes 33.1% performance degradation.
This validation establishes AVAESA’s optimal configuration: 128-dimensional
latent space, 8 attention heads, and dual-stream 1/Q processing. Impor-
tantly, these parameters were selected based on performance on completely
unseen distance scenarios, confirming that the architectural choices provide
optimal balance between representational capacity and cross-domain general-
ization robustness rather than merely fitting to training data characteristics.

3.4. Ezxperimental Design and Evaluation

The evaluation employs the Sadeghi et al. [47] dataset, a publicly avail-
able mm-Wave FMCW radar vital sign monitoring dataset comprising mea-
surements from 10 participants with Polar H10 chest strap ground truth vali-
dation. As detailed in Table 3, the dataset includes systematic measurement
scenarios across four distances (40-160 c¢m), three angular positions (0°-45°),
and four subject orientations, with 4 repetitions per scenario totaling 1,920
one-minute measurements.

Table 3: Dataset measurement scenarios and experimental configuration

Parameter Values Count
Participants P1-P10 10
Distance 40, 80, 120, 160 cm 4
Angular Position 0°, 30°, 45° 3
Orientation Front, Back, Left, Right 4
Repetitions - 4
Duration 1 minute -
Total Measurements - 1,920

Three cross-domain generalization scenarios assess AVAESA’s robustness
under measurement domain shift. In all experiments, the same 10 partici-
pants appear in both training and testing sets under different measurement
geometries: (1) distance generalization using a 3:1 train-test split per distance
(e.g., train on 40/80/120cm, test on 160cm), (2) angular generalization train-
ing on distance/orientation measurements and testing on angular positions,
and (3) multi-domain generalization training exclusively on orientation data
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and testing on combined angular/distance scenarios. AVAESA is compared
against traditional VAE baselines using conventional encoder-decoder archi-
tectures without adaptive signal processing, self-attention mechanisms, or
IQVAE methodology. Performance evaluation employs mean absolute error
(MAE) to quantify estimation accuracy and the Pearson correlation coeffi-
cient (r) to assess the linear relationship between predicted and ground truth
heart rates. Experiments were conducted on an NVIDIA GeForce RTX 4080
GPU (16.7 GB VRAM) with CUDA acceleration.

4. Results

This section presents a comprehensive experimental evaluation of the pro-
posed AVAESA framework through systematic comparison with contempo-
rary neural network architectures and traditional VAE implementations. The
evaluation methodology establishes both the superiority of VAE-based ap-
proaches over discriminative architectures and the enhanced cross-domain
generalization capabilities of AVAESA compared to conventional VAE im-
plementations.

All experimental protocols utilize identical HDF5 data repositories with
standardized preprocessing pipelines, ensuring that observed performance
differentials reflect genuine architectural innovations rather than data ma-
nipulation artifacts. The evaluation encompasses three distinct measurement
scenarios representing realistic deployment configurations: radial distance
variations (40, 80,120, 160 cm), angular orientations (0°, 30°, 45°), and sub-
ject orientations (front, back, left, right). Ground truth validation employs
synchronized ‘Polar H10 chest strap monitors with performance quantifica-
tion through mean absolute error (MAE), Pearson correlation coefficients,
and Bland-Altman analysis.

4.1. Baseline Architecture Comparison

To establish a comprehensive baseline for evaluating AVAESA’s contri-
butions, we first compare five prominent neural network architectures for
radar-based heart rate estimation: LSTM, Bi-LSTM, CNN, TCN, and VAE.
The selection of these architectures is motivated by the systematic survey
of Shirazi et al. [11], which identified these as frequently employed deep
learning approaches in radar-based vital sign monitoring.

Contemporary Transformer-based architectures (Informer, Autoformer,
Temporal Fusion Transformer) were considered but excluded from direct
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comparison for two reasons. First, no established implementations exist for
radar-based cardiac monitoring in the current literature, and naive applica-
tion of general-purpose Transformers to radar I/Q signals would require sub-
stantial architectural modifications (input tokenization, positional encoding
schemes for physiological periodicity) that constitute independent research
contributions beyond fair baseline comparison. Second, our primary re-
search question concerns whether adaptive signal processing and uncertainty-
weighted fusion improve cross-domain robustness within VAE frameworks—a
question best answered by controlled comparison against non-adaptive VAE
variants rather than entirely different architectural families. As the field ma-
tures and radar-specific Transformer implementatiotis emerge, comparative
evaluation would further contextualize AVAESA’s contributions.

While CNN architectures are predominantly utilized for classification
tasks in the surveyed literature, we evaluate their performance in regression-
based heart rate estimation to provide comprehensive architectural compar-
ison. TCN is included as a modern temporal modeling alternative that em-
ploys dilated causal convolutions to capture long-range dependencies with-
out the sequential processing constraints of recurrent architectures. The
inclusion of TCN, which achieves strong baseline performance (MAE = 2.13
BPM), provides a non-recurrent temporal modeling baseline that contextu-
alizes AVAESA’s contributions relative to modern convolutional approaches.

Table 4 presents comprehensive performance metrics across all five base-
line architectures. The evaluation demonstrates a clear performance hierar-
chy, with VAE achieving superior performance across all metrics, followed
by TCN, Bi-LSTM, LSTM, and CNN architectures. Notably, TCN substan-
tially outperforms both LSTM variants, demonstrating that dilated convo-
lutions provide more effective temporal modeling than recurrent processing
for radar-based cardiac signals.

Table 4: Baseline architecture comparison under comprehensive training conditions (all
scenarios). Significance tests compare against VAE; ***p < 0.001, **p < 0.01.

Architecture MAE R? Pearsonr Mean Bias LoA Range
(BPM) (BPM) (BPM)

CNN 10.67+£1.89"**  -0.922 0.391 -5.67 50.56

LSTM 5.44 +0.92***  0.327 0.609 -1.19 32.34

Bi-LSTM 5.49 + 0.88***  0.285 0.626 -2.24 32.53

TCN 2.13 +£0.41* 0.883 0.942 -0.50 13.34

VAE 1.68 £0.29 0.911 0.955 -0.32 11.73
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4.1.1. CNN Architecture Performance

The CNN baseline demonstrates the poorest performance among evalu-
ated architectures, achieving MAE of 10.67 BPM with negative R? (-0.922),
indicating performance worse than a naive mean predictor. Figure 4 (1)
illustrates the weak correlation between predicted and ground truth heart
rates (Pearson r = 0.391), while Figure 4 (2) reveals substantial systematic
bias (-5.67 BPM) and wide limits of agreement (£25.28 BPM range). Per-
participant analysis in Figure 4 (3) shows highly variable performance across
individuals, with MAE ranging from 5.00 to 15.83 BPM.

The poor CNN performance reflects fundamental architectural limitations
for physiological signal regression. While convolutional layers effectively ex-
tract spatial features for classification tasks, the fixed receptive fields and
pooling operations discard temporal ordering information critical for cardiac
rhythm analysis. The architecture’s inability to model long-range temporal
dependencies results in failure to capture periodic cardiac patterns, explain-
ing the negative R? value indicating systematic prediction failures.

4.1.2. LSTM and Bi-LSTM Architecture Performance

LSTM and Bi-LSTM architectures demonstrate substantially improved
performance compared to CNN, achieving comparable results with MAE of
5.44 and 5.49 BPM respectively. Both architectures exhibit moderate cor-
relation with ground truth (r = 0.609 for LSTM, r = 0.626 for Bi-LSTM)
and positive R? values (0.327 and 0.285 respectively), indicating meaningful
predictive capacity.

Figure 5 (1) and Figure 6 (1) demonstrate moderate linear relationships
between predictions and ground truth, while Bland-Altman analyses (Figure
5 (2) and Figure 6 (2)) reveal reduced systematic bias compared to CNN
but still substantial limits of agreement (£16.17 and +16.27 BPM respec-
tively). Per-participant analysis (Figure 5 (3) and Figure 6 (3)) shows im-
proved consistency compared to CNN, though individual error ranges remain
substantial.

The LSTM architectures’ capacity for sequential modeling enables cap-
ture of temporal dependencies in cardiac signals, explaining their superior
performance compared to CNN. The bidirectional processing in Bi-LSTM
provides marginal improvements in correlation (r = 0.626 vs 0.609) by incor-
porating future context, though this advantage is limited for real-time heart
rate estimation. However, both LSTM variants exhibit fundamental limi-
tations: (1) sequential processing creates information bottlenecks for long-
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range dependencies, (2) deterministic hidden states lack uncertainty quan-
tification, and (3) fixed recurrent operations cannot adapt to varying signal
characteristics across measurement scenarios.

4.1.83. TCN Architecture Performance

The TCN baseline achieves strong performance with MAE of 2.13 BPM,
R2 = 0.883, and Pearson correlation r = 0.942, positioning it as the second-
best architecture after VAE. Figure 7 (1) illustrates the strong linear rela-
tionship between predicted and ground truth heart rates, with the best-fit
line (y = 0.93x + 5.34) closely approximating the ideal agreement line. The
Bland-Altman analysis in Figure 7 (2) reveals minimal systematic bias (-
0.50 BPM) and relatively narrow limits of agreement (£6.67 BPM range),
indicating consistent estimation across the physiological heart rate range.
Per-participant analysis in Figure 7 (3) demonstrates moderate variability
across individuals, with MAE ranging from 0.50 BPM (P10) to 4.50 BPM
(P2).

TCN’s substantial improvement over LSTM architectures (60.8% MAE
reduction compared to LSTM, 61:2% compared to Bi-LSTM) demonstrates
the effectiveness of dilated causal convolutions for cardiac signal temporal
modeling. The exponentially increasing dilation factors enable TCN to cap-
ture long-range temporal dependencies spanning multiple cardiac cycles with-
out the information bottleneck inherent in recurrent hidden state propaga-
tion. Unlike LSTM’s sequential processing that compresses all historical
information into fixed-size hidden states, TCN maintains direct pathways to
distant temporal positions through its hierarchical dilated structure, enabling
more effective modeling of cardiac rhythm patterns.

The architecture’s parallel computation across temporal positions also
provides more stable gradient flow during training compared to the backpropagation-
through-time required for LSTM variants, contributing to improved conver-
gence and final performance. The narrow limits of agreement (13.34 BPM)
compared to LSTM (32.34 BPM) and Bi-LSTM (32.53 BPM) indicate that
TCN’s temporal modeling produces more consistent estimates across diverse
measurement conditions.

However, TCN’s deterministic convolutional feature extraction lacks the
probabilistic noise handling capabilities inherent in VAE’s variational infer-
ence framework. The 21.1% performance gap between TCN (2.13 BPM) and
VAE (1.68 BPM) reflects this fundamental architectural difference: while
TCN effectively models temporal patterns through fixed convolutional oper-
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ations, VAE’s probabilistic latent space representation provides implicit regu-
larization and noise filtering through the variational objective. Additionally,
TCN’s fixed dilation patterns apply uniform temporal attention regardless of
signal quality, whereas VAE’s learned latent representations can adaptively
weight informative signal segments. These limitations motivate AVAESA’s
integration of self-attention mechanisms with the VAE framework, combining
adaptive temporal modeling with probabilistic inference.

4.1.4. VAE Architecture Superiority

VAE demonstrates improved performance compared to all discrimina-
tive architectures, achieving MAE of 1.68 BPM with strong correlation (r =
0.955, R? = 0.911). The 69.1% error reduction compared to the best LSTM
baseline (5.44 — 1.68 BPM) and narrow limits of agreement (+5.87 BPM)
establish VAE as the optimal baseline architecture for radar-based heart rate
estimation.

The VAE’s superior performance stems from three fundamental advan-
tages over discriminative models. First, the probabilistic latent space repre-
sentation enables robust noise handlinig through variational inference, where
the encoder learns to map noisy observations to continuous distributions
rather than deterministic points. This probabilistic formulation naturally
regularizes the model against overfitting and provides implicit uncertainty
quantification. Second, the generative modeling framework learns the un-
derlying structure of cardiac signals through reconstruction objectives, en-
abling effective separation of physiological patterns from measurement arti-
facts. Unlike discriminative models that learn direct input-output mappings
potentially contaminated by spurious correlations, VAE must learn mean-
ingful latent representations that capture cardiac signal structure to enable
accurate reconstruction. Third, the continuous latent space provides smooth
interpolation between training examples, enabling better generalization to
measurement conditions with characteristics intermediate between training
scenarios.

Based on this comprehensive baseline evaluation, we establish VAE as the
optimal foundation architecture for radar-based heart rate estimation. The
subsequent sections evaluate AVAESA—an enhanced VAE architecture in-
corporating adaptive signal processing and self-attention mechanisms—demonstrating
further performance improvements and, critically, superior cross-domain gen-
eralization capabilities. While VAE achieves excellent performance under
comprehensive training conditions, the following analysis reveals substantial
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performance degradation when measurement conditions differ from train-
ing scenarios, motivating the architectural enhancements implemented in

AVAESA.

4.2. AVAESA Framework Performance Evaluation

Having established VAE as the optimal baseline architecture, this subsec-
tion presents a comprehensive comparison of the proposed AVAESA frame-
work against conventional VAE implementations under both standard and
challenging cross-domain generalization conditions. The evaluation proto-
col employs two distinct training strategies: comprehensive multi-scenario
training utilizing all measurement configurations, and systematic leave-one-
scenario-out training to assess cross-domain generalization robustness.

The leave-one-scenario-out experimental protocol comprises three distinct
configurations designed to evaluate generalization across different measure-
ment modalities: (1) training on angular and orientation data while testing
exclusively on distance scenarios, (2) training on distance and orientation
data while testing exclusively on angular scenarios, and (3) training exclu-
sively on orientation data while testing on combined angular and distance
scenarios. This systematic evaluation framework demonstrates AVAESA’s
robustness when deployment conditions diverge significantly from training
scenarios, representing a critical requirement for practical radar-based vital
sign monitoring systems.

Table 5 presents comprehensive performance comparisons between VAE
and AVAESA under eross-domain generalization conditions, where training
and testing domains exhibit systematic differences in measurement configu-
rations.

AVAESA achieves performance improvements across all evaluation con-
ditions. Under comprehensive training, AVAESA demonstrates 17.3% MAE
improvement (1.68 — 1.39 BPM) with systematic enhancements across all
metrics: R? increases from 0.911 to 0.943, Pearson correlation improves from
0.955 to 0.971, and Bland-Altman limits of agreement narrow by 19.8% (11.73
— 9.41 BPM range).

4.2.1. Comprehensive Training Performance Analysis

Under standard training conditions utilizing all measurement scenarios,
both VAE and AVAESA achieve high accuracy, with AVAESA demonstrat-
ing superior performance across all evaluation metrics. This comprehensive
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Table 5: Cross-domain performance comparison between VAE and AVAESA under dif-
ferent domain shift conditions. Significance tests compare AVAESA against VAE within
each scenario; ***p < 0.001, **p < 0.01.

Training/Testing  Architecture MAE R2 Pearson Mean LoA
Configuration (BPM) r Bias Range
(BPM) (BPM)
All Scenarios VAE 1.68£0.29 0.911 0.955 -0.32 11.73
All Scenarios AVAESA 1.39 +0.22%70.943 0.971 -0.24 9.41
Distance Test VAE 711+1.24 0.231 0.554 0.48 37.74
Distance Test AVAESA 2.66 +0.31"0.841 0.919 -0.48 17.10
Angular Test VAE 2.90 £0.58 0.687 0.836 -1.00 28.04
Angular Test AVAESA 1.65+0.26"'0.912 0.956 -0.30 15.00
Angular+Distance ~ VAE 8.18+1.47 0.024 0.366 0.61 43.59
Test
Angular+Distance AVAESA 3.11 £0.42*0.738 0.865 0.91 22.41
Test

training represents the optimal scenario, where the model has access to data
from all possible measurement configurations during training.

AVAESA exhibits enhanced correlation characteristics, with a perfect lin-
ear relationship (r = 0.971, R? = 0.943), compared to VAE’s excellent base-
line performance (r = 0.955, R? = 0.911), as illustrated in Figure 8. The
3.2% improvement in coefficient of determination indicates additional cardiac
signal variance capture through self-attention temporal modeling and adap-
tive signal processing mechanisms. Per-participant analysis demonstrates the
consistent advantages of AVAESA, with 9 out of 10 participants achieving
sub-2 BPM error compared to 8 out of 10 for the standard VAE. Addition-
ally, the maximum individual error is reduced by 25% (4.00 — 3.00 BPM), as
shown in Figure 9. Figure 10 further illustrates the distribution of estimation
errors across participants, highlighting the improved reliability, robustness,
and consistency of AVAESA.

AVAESA’s performance advantage under comprehensive training condi-
tions stems from its architectural components. The self-attention mechanism
enables the model to capture long-range temporal dependencies in cardiac
signals that traditional VAE encoders miss. The adaptive signal process-
ing layer dynamically adjusts to varying signal characteristics across differ-
ent measurement scenarios, while the multi-scale feature extraction captures
both fine-grained cardiac patterns and broader physiological trends. These
architectural advantages result in more robust and accurate cardiac signal
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reconstruction, as evidenced by the improved correlation and reduced per-
participant variability, as well as the consistently narrower estimation errors
across scenarios [48|.

4.2.2. Single-Scenario Generalization Analysis

Cross-domain evaluation under single-scenario constraints reveals AVAESA
advantages when training and testing conditions exhibit domain shift. This
evaluation includes two critical scenarios: angular generalization (training on
distance+orientation, testing on angular) and distance generalization (train-
ing on angular-orientation, testing on distance). These represent realistic
deployment scenarios where the monitoring system encounters measurement
conditions not present during training.

Angular generalization testing demonstrates AVAESA’s robust orienta-
tion invariance with minimal performance degradation (MAE: 1.39 — 1.65
BPM, 18.7% increase) compared to VAE’s considerable degradation (MAE:
1.68 — 2.90 BPM, 72.6% increase), as illustrated in Figure 11. AVAESA
maintains high correlation (r = 0.956, R* = 0.912), indicating effective cap-
ture of angular-invariant cardiac features. Figure 13 further illustrates the
reduced estimation errors and improved consistency across orientations, with
a narrower error range (£14.02 — +7.50 BPM) and decreased systematic bias
(-1.00 — -0.30 BPM).

Distance generalization reveals notable performance differences between
architectures. AVAESA maintains acceptable performance (MAE: 2.66 BPM,
R?: 0.841) while VAE exhibits severe performance degradation (MAE: 7.11
BPM, R?: 0.231). The 62.6% MAE improvement demonstrates AVAESA’s
enhanced signal extraction under degraded radar conditions, preserving 84%
cardiac signal variance compared to VAE’s critical 23% retention. Per-
participant analysis shows consistent AVAESA advantages, with individual
errors ranging from 1.58 to 4.04 BPM compared to VAE’s 3.92-13.13 BPM
range, representing a 69.2% reduction in maximum error, as demonstrated
in Figure 12. Figure 13 further illustrates the narrower error distribution
(£18.87 — +£8.55 BPM), highlighting the improved reliability and distinc-
tion between high- and low-accuracy estimations.

AVAESA’s single-scenario generalization performance results from its adap-
tive architectural design for cross-domain robustness. The self-attention
mechanism learns to focus on cardiac signal features that remain consistent
across different measurement modalities, effectively filtering out scenario-
specific artifacts. The adaptive signal processing layer automatically adjusts
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its parameters based on input signal characteristics, enabling robust perfor-
mance even when encountering unseen measurement conditions. The multi-
scale feature extraction ensures that both angular and distance-invariant car-
diac patterns are captured, providing redundant pathways for accurate signal
reconstruction when one measurement modality is unavailable during train-
ing.

4.2.8. Multi-Scenario Generalization Analysis

The most challenging experimental condition—combined angular and dis-
tance generalization with training exclusively on orientation data—demonstrates
AVAESA’s robustness under extreme domain shift conditions. In this sce-
nario, the model is trained only on subject orientation measurements (front,
back, left, right) and tested on completely different measurement modali-
ties involving angular positions (0°, 30°, 45°) ‘and distances (40, 80, 120, 160
cm). This represents the most realistic and demanding deployment challenge
where the monitoring system must operate under multiple unseen measure-
ment conditions simultaneously.

Under extreme domain shift conditions, AVAESA maintains consider-
able cardiac signal modeling capability (R? = 0.738, r = 0.865) while VAE
experiences critical performance degradation (R? = 0.024, r = 0.366), as
illustrated in Figure 14. The preservation of 73.8% variance explanation,
compared to VAE’s severely compromised performance (2.4%), demonstrates
the architectural advantages of self-attention temporal modeling and adap-
tive signal processing. The 62.0% MAE improvement (8.18 — 3.11 BPM)
highlights the substantial enhancement in estimation accuracy and reliability
of the system. AVAESA achieves individual participant accuracy within the
1.48-7.15 BPM range, maintaining high reliability even under the most chal-
lenging conditions, while VAE exhibits uniformly poorer performance with
maximuin errors approaching 15 BPM, as shown in Figure 15. Figure 16
further illustrates the narrower error distribution (£21.80 — +11.21 BPM),
highlighting AVAESA’s improved robustness and consistency under extreme
domain shifts.

The multi-scenario generalization performance of AVAESA under extreme
domain shift conditions demonstrates the synergistic effect of its architectural
innovations. When faced with multiple unseen measurement modalities si-
multaneously, the self-attention mechanism proves crucial in identifying the
core cardiac signal patterns that transcend specific measurement configura-
tions. The adaptive signal processing layer dynamically reconfigures itself to
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handle the compound complexity of multiple domain shifts, while the vari-
ational framework provides robust uncertainty quantification that prevents
overfitting to limited training scenarios. This architectural resilience enables
AVAESA to maintain meaningful performance even when deployment con-
ditions differ dramatically from training scenarios, a critical capability for
real-world radar-based monitoring systems.

4.2.4. Cross-Domain Performance Summary

The systematic cross-domain evaluation establishes AVAESA’s enhanced
generalization capabilities across all measurement modalities and complex-
ity levels. This analysis employs the leave-one-scenario-out experimental
protocol described in Section 3.3, where training datasets exclude specific
measurement conditions (distance, angular, or orientation scenarios) that
are reserved exclusively for testing. Performance improvements range from
17.3% under optimal conditions to 62.6% under challenging single-scenario
generalization, with the most significant advantages emerging when training
and testing conditions exhibit substantial domain shift.

Table 6 presents quantitative evidence of AVAESA’s superior cross-domain
performance across four experimental configurations. The comprehensive
evaluation reveals a clear performance hierarchy where AVAESA’s advan-
tages become more pronounced as domain shift complexity increases.

Table 6: Comprehensive cross-domain performance analysis

Scenario VAE MAE AVAESA MAE VAE R?2 AVAESA LoA Im-

(BPM) MAE Improv. R? prov.
(BPM)

Comprehensive 1.68 + 0.29 1.39£0.22 17.3% 0.911 0.943 19.8%

Angular Test.  2.90 4 0.58 1.65 + 0.26 43.1% 0.687 0.912 46.5%

Distance Test  7.11£1.24 2.66 +0.31 62.6% 0.231 0.841 54.7%

Multi- 8.18 +1.47 3.114+0.42 62.0% 0.024 0.738 48.6%

Scenario

The superior generalization performance of AVAESA stems from three
specific architectural mechanisms that enable robust cross-domain feature
extraction. First, the multi-head self-attention mechanism captures long-
range temporal dependencies that remain invariant across measurement con-
ditions by learning attention patterns that focus on cardiac signal character-
istics independent of radar positioning or subject orientation. Unlike con-
ventional VAE encoders that rely on local convolutional features sensitive
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to measurement-specific artifacts, self-attention dynamically weights tempo-
ral positions based on physiological relevance rather than spatial proximity,
enabling the model to identify consistent cardiac patterns even when signal
amplitude or phase characteristics change due to domain shift.

Second, the adaptive signal processing layer addresses the critical limita-
tion of fixed preprocessing parameters that embed measurement-specific bi-
ases into the feature extraction pipeline. Through learnable frequency band
selection and multi-scale temporal analysis, this component automatically
adjusts to signal characteristics present in unseen measurement conditions.
The adaptive parameter extraction in Equation 17 derives processing param-
eters ¢(I, Q) directly from current signal properties rather than pre-defined
fixed parameter assumptions , enabling the system to maintain optimal sig-
nal conditioning even when deployment scenarios differ substantially from
training conditions.

Third, the uncertainty-weighted latent fusion mechanism (Equations 33
-34) provides robust integration of I and () chiannel information by dynam-
ically adjusting the relative contributions based on signal quality estimates.
This enables the model to maintain accurate heart rate estimation even when
one channel experiences degradation due to unfavorable measurement geom-
etry or environmental interferernce, a common occurrence under cross-domain
deployment conditions.

Under comprehensive training with abundant data diversity, both archi-
tectures achieve high accuracy, though AVAESA maintains consistent ad-
vantages across all metrics in Table 6. However, as evaluation progresses
from single-scenario to multi-scenario generalization challenges, AVAESA’s
architectural innovations become increasingly critical for maintaining system
functionality. The most striking finding is AVAESA’s ability to prevent crit-
ical performance degradation under extreme domain shift conditions, where
VAE perforinance drops substantially (R? = 0.024) while AVAESA maintains
high and meaningful accuracy (R? = 0.738).

These architectural advantages enable AVAESA to maintain meaningful
performance (MAE < 3.11 BPM) even under the most challenging multi-
scenario generalization conditions, representing a fundamental advancement
in practical radar-based vital sign monitoring systems that enables reliable
deployment in diverse real-world environments where measurement condi-
tions cannot be precisely controlled or predicted.

Failure Case Analysis: Examination of per-participant performance
reveals systematic patterns in estimation failures. Under comprehensive
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training (Figure 9), participant P2 exhibited the highest error for both ar-
chitectures (VAE: 4.00 BPM, AVAESA: 3.00 BPM), suggesting individual-
specific signal characteristics that challenge model generalization. Under
cross-domain conditions (Figure 12), distance domain shift produced the
most severe degradation, with VAE errors exceeding 13 BPM for multiple
participants while AVAESA maintained sub-5 BPM performance for 8 of 10
individuals. The multi-scenario evaluation (Figure 15) revealed that VAE
performance collapsed uniformly across all participants (MAE range: 5.50—
14.67 BPM), whereas AVAESA exhibited greater inter-participant variance
(MAE range: 1.48-7.15 BPM), indicating that AVAESA’s adaptive mech-
anisms provide differential benefit depending on individual signal quality.
These failure patterns suggest that remaining estimation errors stem primar-
ily from (1) low SNR conditions at extended distances and (2) individual
physiological variations in cardiac signal morphology rather than systematic
architectural limitations.

4.2.5. Attention Weight Visualization

To address interpretability of AVAESA’s self-attention mechanisms, Fig-
ure 17 visualizes the learned attention weights produced by the adaptive
signal processor. The attention mechanism operates on four signal represen-
tations derived from the raw complex I/Q radar data: magnitude (|7 + jQ|),
phase (Z(I+j@Q)), real component (I), and imaginary component (). Each
representation captures a distinct aspect of cardiac-induced chest wall mo-
tion. Specifically, magnitude encodes displacement amplitude, phase pro-
vides fine-grained temporal information, while the raw I/Q) components pre-
serve the complete complex signal structure and phase-sensitive characteris-
tics.

Figures 17(a) and (b) show the normalized time-domain I- and Q-channel
radar signals, which exhibit a quadrature phase relationship and jointly en-
code subtle cardiac motion. The corresponding frequency-domain represen-
tation in Figure 17(c) confirms that dominant signal energy lies within the
physiological cardiac band (0.5-4.0 Hz), with prominent components near 60
and 90 BPM, validating the cardiac origin of the observed motion patterns.

The learned attention weights shown in Figure 17(d) reveal that AVAESA
assigns non-uniform and structured importance across signal representations.
In contrast to fixed or heuristic preprocessing pipelines, the model adaptively
emphasizes signal components based on their relevance for cardiac feature
extraction. The numerical attention values, overlaid on the attention map,
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indicate that the imaginary (@) and magnitude representations receive the
highest aggregate importance, while phase and real (I) components con-
tribute complementary but lower-weighted information. This distribution
reflects the strong contribution of amplitude-driven motion information and
phase-sensitive quadrature components to robust heart-rate estimation.

By learning these attention weights directly from data, AVAESA elim-
inates the need for hand-crafted decisions regarding signal representation
selection and instead discovers optimal representation combinations in a
fully data-driven manner. The structured attention patterns further demon-
strate meaningful interactions between complex signal components rather
than arbitrary feature weighting. Overall, the visualization confirms that
AVAESA’s self-attention mechanism learns physiologically meaningful repre-
sentations, providing interpretable evidence for its robust performance under
cross-domain and cross-scenario measurement conditions.

4.2.6. Component Ablation Analysis

To quantify each architectural component’s contribution to cross-domain
generalization, we conducted systematic ablation experiments under the Dis-
tance Test scenario—the most challenging single-domain condition where
models train exclusively on angular position and subject orientation data
while testing on unseen distance measurements. While Section 3.3 validated
individual design choices in isolation to justify architectural decisions, this
ablation systematically removes each component from the complete AVAESA
framework to quantify its contribution within the integrated system. Each
ablation removes exactly one component while preserving all others. Statis-
tical significance was assessed using paired t-tests with Bonferroni correction
across all test sequences (n = 480). Results are summarized in Table 7.

Table 7: Component ablation study under distance domain shift. All comparisons against
Full AVAESA; ***p < 0.001, **p < 0.01.

Variant MAE (BPM) R? Pearsonr AMAE
Full AVAESA 2.66 £+ 0.31 0.841 0.919 —

No Uncertainty Weighting 3.18 £0.38"  0.798 0.896 +19.5%
No Dual-Stream 1/Q 3.54 £ 0.42**  0.807 0.904 +33.1%
No Adaptive Preprocessing  3.85 £ 0.51"*  0.712 0.857 +44.7%
No Self-Attention 4.62 £ 0.67*  0.648 0.821 +73.7%
Baseline VAE 711+ 1.247  0.231 0.554 +167.3%
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Removing self-attention and substituting mean pooling produces the largest
degradation (473.7%), confirming that dynamic temporal weighting is essen-
tial for identifying cardiac-relevant segments while suppressing measurement-
specific artifacts. The corresponding R? reduction (0.841 — 0.648) demon-
strates that fixed pooling cannot capture the long-range dependencies re-
quired for cross-domain robustness. Replacing learnable preprocessing with
fixed Butterworth filters (0.7-3.5 Hz) causes the second-largest degrada-
tion (+44.7%), validating that signal-adaptive parameter selection—based
on SNR, spectral shape, and dominant frequency—enables generalization
across measurement geometries where fixed parameters fail. Substituting a
shared encoder for separate 1/Q pathways degrades performance by 33.1%;
the preserved correlation (r = 0.904) but reduced R? (0.807) indicates that
single-stream processing retains gross signal structure but loses timing infor-
mation encoded in I/Q phase relationships. Finally, replacing learned un-
certainty weighting with fixed equal-weight fusion causes the smallest degra-
dation (+19.5%), suggesting adaptive weighting becomes critical primarily
when channel quality diverges under adverse conditions.

To assess component interactions, we conducted a joint ablation remov-
ing both self-attention and adaptive preprocessing. The resulting MAE (6.43
BPM) exceeds the predicted additive degradation (5.81 BPM) by 10.7%, in-
dicating positive synergy: self-attention benefits from cleaner input repre-
sentations that adaptive preprocessing provides.

The baseline VAE employs identical latent dimensionality (d = 64) and
training configuration but uses a single convolutional encoder on concate-
nated I/Q channels; fixed preprocessing, and mean pooling. Its substantially
higher error (MAE = 7.11 BPM) confirms that conventional variational ar-
chitectures lack the adaptive mechanisms necessary for cross-domain gener-
alization. Collectively, these results establish a clear architectural hierarchy:
temporal modeling via self-attention forms the foundation for robustness,
adaptive preprocessing enables measurement-invariant features, dual-stream
processing preserves phase information, and uncertainty weighting handles
asymmetric channel degradation.

5. Discussion

This study presents the first comprehensive evaluation of enhanced VAE
architectures for radar-based heart rate estimation. Our findings establish
AVAESA'’s clear superiority over conventional VAE approaches while demon-
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strating substantial improvements in cross-domain generalization capabili-
ties.

5.1. Architectural Innovations and Performance Analysis

AVAESA’s fundamental innovation lies in three integrated architectural
mechanisms that address critical limitations of conventional VAE approaches.
First, the adaptive signal processor (Section 3.2.1) eliminates fixed pre-
processing assumptions by deriving frequency bands, multi-scale weights,
and component fusion parameters directly from input signal characteris-
tics—SNR, spectral shape, and dominant frequencies—rather than applying
predetermined 0.7-3.5 Hz filters. Second, the dual-stream I/Q encoder with
uncertainty-weighted fusion (Section 3.2.3) preserves critical phase informa-
tion through separate I and Q processing pathways, dynamically adjusting
channel contributions based on learned variance estimates. Third, the self-
attention mechanism (Section 3.2.2) captures long-range temporal depen-
dencies across multiple scales—beat-to-beat variations, respiratory modula-
tion, and heart rate variability trends—that conventional pooling operations
discard. This architectural distinction becomes increasingly critical under
domain shift conditions, where traditional approaches degrade due to depen-
dence on training-scenario features, while AVAESA’s adaptive mechanisms
maintain robust performance by learning measurement-invariant cardiac rep-
resentations.

5.2. Cross-Domain Generalization and Robustness Analysis

The deploynient of radar-based physiological monitoring systems in un-
controlled environments necessitates robust cross-domain generalization ca-
pabilities to mitigate the deleterious effects of domain shift on predictive
accuracy [49]. Our comprehensive evaluation demonstrates that AVAESA
exhibits improved domain adaptation characteristics compared to conven-
tional VAE architectures across multiple generalization scenarios.

Domain shift in radar-based cardiac monitoring manifests through spa-
tiotemporal variations in signal propagation characteristics, including range-
dependent attenuation effects, angular-dependent scattering patterns, and
multipath interference variations. These phenomena fundamentally alter the
statistical properties of received signals, creating significant challenges for
models trained under constrained laboratory conditions. AVAESA’s architec-
tural innovations—particularly the uncertainty-weighted 1/Q fusion (Equa-
tions 33-34) and self-attention temporal modeling (Equation 25)—demonstrate
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effectiveness in learning domain-invariant representations that transcend these
measurement-specific perturbations.

Quantitative analysis shows AVAESA’s performance retention under do-
main shift conditions. Under distance generalization, AVAESA preserves
84.1% of the explained variance (R? = 0.841) with a Pearson correlation of
r = 0.919, representing a 264% improvement in variance explanation com-
pared to the baseline VAE (R? = 0.231, r = 0.554). The mean absolute error
reduction from 7.11 BPM to 2.66 BPM constitutes a 62.6% performance
improvement, demonstrating significant enhancement in predictive accuracy.

Similarly, under angular domain shift conditions, AVAESA maintains ro-
bust performance with R? = 0.912 and r = 0.956, while VAE performance
degrades substantially (R? = 0.687, r = 0.836). The MAE improvement from
2.90 BPM to 1.65 BPM represents a 43.1% error reduction, confirming the
architecture’s capacity to generalize across diverse measurement geometries.
These findings support AVAESA’s potential for deployment in naturalistic
monitoring scenarios where geometric constraints cannot be controlled.

5.8. Design Validation and Architectural Optimization

Our systematic design validation studies provide crucial insights into op-
timal architectural configurations for radar-based physiological monitoring.
Three key findings emerge from this analysis.

First, the 128-dimensional latent space represents the optimal balance be-
tween representational capacity and generalization robustness. Both under-
capacity and over-capacity configurations show significant performance degra-
dation, confirming the importance of careful dimensionality selection.

Second, the 8-head attention configuration validation demonstrates that
multi-head attention requires precise calibration for physiological signal pro-
cessing. This configuration enables simultaneous modeling of multiple tempo-
ral patterns, including beat-to-beat variations, respiratory modulation, and
heart rate variability trends.

Third, separate 1/Q processing strategy validation confirms the critical
importance of preserving complex signal structure for cardiac feature ex-
traction. The 15.4% performance advantage over magnitude-only processing
demonstrates that phase information contains essential timing relationships
for accurate heart rate estimation. This finding has broader implications for
radar signal processing in physiological monitoring applications.
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5.4. Scope and Future Directions

This study establishes AVAESA'’s architectural advantages for cross-scenario
robustness within a defined experimental scope. The following discussion
characterizes this scope and identifies promising directions for extending
these architectural innovations toward broader deployment contexts.

Dataset Scale and Cross-Subject Generalization. Our evaluation
employs 10 participants across 48 measurement scenarios, focusing on ar-
chitectural robustness to measurement geometry changes rather than inter-
subject generalization. This design choice enables systematic isolation of
architectural effects on cross-scenario performance, independent of inter-
individual physiological variability.

To directly address leave-one-subject-out (LOSO) evaluation, we con-
ducted preliminary experiments training on 7 participants and testing on
3 held-out individuals (P8, P9, P10). Both architectures exhibited sub-
stantially degraded performance: VAE achieved MAE = 16.87 BPM with
Pearson r = —0.214, while AVAESA achieved MAE = 15.93 BPM with
Pearson r = 0.478. The negative correlation for VAE indicates complete
failure to capture cross-subject cardiac patterns, whereas AVAESA’s posi-
tive correlation suggests preserved directional tracking despite poor absolute
accuracy. Per-participant analysis revealed high variance (AVAESA: P8 =
6.35 BPM, P9 = 26.00 BPM, P10 = 15.87 BPM), confirming that indi-
vidual physiological differences—chest wall thickness, cardiac morphology,
respiration patterns—doniinate when training data lacks sufficient subject
diversity. These results establish that cross-subject generalization represents
a fundamentally distinct challenge from cross-scenario robustness, requiring
substantially larger cohorts or explicit domain adaptation techniques.

Extending evaluation to larger participant cohorts (30+ individuals) with
demographic stratification would establish population-level generalizability.
Few-shot learning and meta-learning approaches represent promising direc-
tions for enabling rapid personalization to new individuals with minimal cali-
bration data, potentially achieving acceptable performance with limited per-
user measurements. Such techniques would complement AVAESA’s cross-
scenario robustness by addressing cross-subject adaptation, forming a com-
prehensive solution for deployment across diverse populations and measure-
ment conditions.

Static Conditions and Motion Robustness. Current evaluation pro-
tocols involve controlled, static postures enabling systematic architectural
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validation without confounding motion artifacts. Real-world deployment sce-
narios including ambulatory monitoring, in-vehicle sensing, and home health-
care require robustness to body motion, respiratory dynamics, and postural
changes. Future research should conduct systematic motion artifact testing
under standardized protocols (walking at varied speeds, sitting with natural
movement, driving on varied road conditions). AVAESA’s adaptive signal
processing framework provides theoretical motion resilience through real-
time, signal-driven parameter adjustment, but empirical validation remains
necessary. Integration with complementary technologies—motion compen-
sation algorithms derived from accelerometer data, IMU sensor fusion for
movement-aware signal conditioning, or multi-radar configurations enabling
motion-invariant beamforming—could further enhance robustness. Motion-
augmented training datasets incorporating labeled activity states would en-
able development of motion-adaptive preprocessing strategies.

Heart Rate Estimation and Dataset Selection. This study fo-
cuses on heart rate estimation as the primary evaluation target. Heart rate
monitoring presents distinct measurement challenges compared to respira-
tory rate, including smaller chest displacement amplitudes and more subtle
signal characteristics, making it an appropriate test case for architectural
validation. The Sadeghi et al. dataset [47] provides systematic variation
across 48 measurement scenarios (4 distances x 3 angles x 4 orientations),
making it well-suited for evaluating cross-scenario robustness. The dataset
includes heart rate ground truth from synchronized Polar H10 chest strap
monitors. AVAESA’s architectural principles—adaptive signal preprocess-
ing, uncertainty-weighted multi-stream fusion, and attention-based temporal
modeling—operate on periodic physiological signals and generalize naturally
to other vital signs including respiratory rate, blood pressure, and heart rate
variability. Future work should extend evaluation to multi-parameter mon-
itoring, ineluding simultaneous respiratory rate, blood pressure, and heart
rate variability estimation, to validate AVAESA’s architectural versatility
across multiple physiological signals. Such extensions would demonstrate
the generalizability of adaptive signal preprocessing and attention-based tem-
poral modeling beyond cardiac signals, while potentially enabling improved
accuracy through joint optimization of correlated vital sign parameters.

Baseline Comparisons and Emerging Architectures. Our baseline
selection (VAE, LSTM, Bi-LSTM, CNN, TCN) follows the systematic sur-
vey by Shirazi et al. [11]|, which identified LSTM, CNN, and VAE among
the most prevalent architectures in radar-based vital sign monitoring lit-
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erature. TCN is included as a modern temporal modeling alternative that
employs dilated causal convolutions to capture long-range dependencies with-
out sequential processing constraints. Contemporary Transformer architec-
tures (Informer, Autoformer, Temporal Fusion Transformer) currently lack
established implementations for radar-based cardiac monitoring, preventing
direct comparison. As the field matures and Transformer-based radar imple-
mentations emerge, comparative evaluation would strengthen understanding
of AVAESA’s relative contributions. Promising research directions include
hybrid architectures combining AVAESA’s adaptive, measurement-invariant
signal preprocessing with Transformer backbones. Such combinations could
leverage Transformer’s global self-attention mechanisins for very long-range
dependencies (minutes to hours) while preserving AVAESA’s robust handling
of measurement domain shift. Architectural search methods (Neural Archi-
tecture Search, Efficient Architecture Search) could systematically explore
the design space of adaptive preprocessing coupled with modern temporal
modeling approaches.

Computational Efficiency and Edge Deployment. AVAESA con-
tains 41.8M parameters compared to 4.0M for baseline VAE, reflecting ad-
ditional complexity from dual-stream 1/Q encoders with dynamic convolu-
tions, multi-head self-attention mechanisms, signal context extraction, and
adaptive preprocessing modules. Per-batch processing time increases approx-
imately 4x (532 ms vs. 127 ms on RTX 4080 GPU), reflecting the compu-
tational overhead of attention operations and dynamic filter routing. Never-
theless, inference latency remains well within real-time requirements for 60-
second monitoring windows updated at typical clinical intervals. Deployment
on resource-constrained platforms—battery-powered wearables, automotive-
grade embedded systems, or low-power loT edge devices—may require model
compression. Structured pruning could reduce attention heads (from 8 to
4-6 with minimal accuracy loss based on Table 2), while post-training quan-
tization and knowledge distillation offer additional pathways for reducing
computational demands while preserving cross-scenario robustness.

Controlled Laboratory to Naturalistic Deployment. The dataset
comprises measurements collected under standardized laboratory protocols:
1l-minute signal windows, single-subject monitoring, and controlled electro-
magnetic conditions. This controlled experimental design enables system-
atic architectural evaluation by isolating measurement geometry effects from
environmental confounds, providing an appropriate testbed for validating
cross-scenario robustness mechanisms. Extending evaluation to naturalistic
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deployment scenarios would address practical operational challenges beyond
laboratory conditions. Multi-person monitoring scenarios (vehicle cabins
with multiple occupants, shared living spaces) would require person-specific
signal separation capabilities, potentially achievable through MIMO radar
beamforming or learned spatial filtering techniques. Variable measurement
durations spanning rapid vital sign checks (5-10 seconds) to extended contin-
uous monitoring (5+ minutes) would necessitate adaptive windowing strate-
gies beyond fixed 1-minute windows. Environmental robustness testing under
electromagnetic interference (Wi-Fi/Bluetooth devices, automotive electron-
ics), multipath propagation from metallic objects, and thermal variations
would establish operational boundaries for real-world deployment. Such eval-
uations would guide system design decisions for diverse applications ranging
from smart home elderly care to clinical intensive care monitoring.

This experimental scope provides controlled cotiditions necessary for sys-
tematic validation of architectural innovations while establishing clear path-
ways for extending AVAESA’s cross-scenario robustness toward diverse real-
world applications. The identified research directions collectively address the
translation from architectural demonstration to practical deployment across
healthcare, automotive, and ambient intelligence domains.

5.5. Reproducibility and Open Science

To ensure reproducibility, we provide complete methodological specifi-
cations enabling independent replication. All architectural details, hyperpa-
rameters, and training configurations are documented in Sections 3.2 and 3.3.
The publicly available dataset [47] utilized in this evaluation ensures that re-
searchers can validate and extend these findings using identical ground truth
measurements and experimental conditions.

Implementation code and trained model weights will be released upon
acceptance at a public repository. The release will include: (1) complete
PyTorch implementation of the AVAESA architecture, (2) trained model
checkpoints for all experimental configurations reported in this study, (3)
preprocessing scripts compatible with the Sadeghi et al. dataset, and (4)
evaluation scripts to reproduce all reported metrics and figures.

6. Conclusion

This study presents AVAESA as an enhanced VAE architecture for radar-
based heart rate estimation through systematic architectural evaluation. AVAESA
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introduces significant architectural innovations including multi-head self-attention
for temporal modeling, signal-driven adaptive preprocessing that derives fre-
quency bands and processing weights from input characteristics, and dual-
stream 1/Q encoding with uncertainty-weighted fusion that achieve perfor-
mance improvements ranging from 17.3% under optimal conditions to 62.6%
under challenging domain shift scenarios. Most significantly, AVAESA main-
tains meaningful performance (MAE < 3.11 BPM) under extreme general-
ization conditions where traditional approaches fail.

The comprehensive validation studies confirm optimal configurations of
a 128-dimensional latent space, 8-head attention mechanisms, and separate
I/Q processing strategies, providing practical guidance for robust contactless
monitoring systems. AVAESA’s cross-domain generalization addresses the
deployment challenge of maintaining accuracy when operational conditions
differ from training scenarios, enabling practical deployment in healthcare
facilities, smart vehicles, and home monitoring systems. These capabilities
are achieved through superior noise handling, adaptive signal processing, and
attention-based temporal modeling that effectively generalizes across diverse
measurement conditions.
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Bias = -2.24 BPM, LoA range = 32.53 BPM; (3) Per-participant MAE showing moderate
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Figure 12: Individual participant accuracy across single-scenario generalization conditions
A) Distance test VAE, B)Angular test VAE, C)Distance test AVAESA, D)Angular test
AVAESA. Each bar represents the mean MAE across 4 measurement repetitions per sce-
nario.
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Figure 13: Single-scenario generalization challenges A) Distance test VAE, B) Angular test
VAE, C)Distance test AVAESA, D)Angular test AVAESA
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Figure 14: Multi-scenario generalization correlation comparison under extreme domain
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Figure 16: Multi-scenario domain shift A)VAE, B)AVAESA
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AVAESA Signal Processing and Attention Visualization

(a) I-Channel Radar Signal (b) Q-Channel Radar Signal
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Figure 17: AVAESA signal processing and attention visualization. (a) Normalized I-
channel radar signal showing chest displacement patterns induced by cardiac activity. (b)
Normalized Q-channel radar signal with a 90° phase offset relative to the I-channel. (c)
Frequency spectrum of the I-channel within the cardiac band (0.5-4.0 Hz), with reference
lines at 60 BPM (1.0 Hz) and 90 BPM (1.5 Hz). (d) Learned attention weights from
the adaptive signal processor, with numerical values indicating the relative contributions
of magnitude, phase, real, and imaginary signal representations during cardiac feature
extraction.
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