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Continuous Heart Rate Variability Estimation
From PPG via State-Space Modeling

Berken Utku Demirel and Christian Holz

Abstract— Objective: Heart rate variability (HRV) reflects
autonomic regulation and is used in cardiovascular moni-
toring. Photoplethysmography (PPG) is commonly used for
heart rate (HR) tracking in daily life, but deriving reliable
HRYV from PPG is highly difficult because of motion artifacts
and drift effects from variability in pulse arrival time (PAT).

Methods: We propose a multimodal framework that com-
bines encoders for PPG, inertial measurements, and tem-
perature signals with a learnable state-space model for
inter-beat inference. The state-space dynamics adapt to
non-linear changes and PAT-related shifts. A trust gate uses
predicted uncertainty to down-weight corrupted intervals.

Results: Using a single model configuration across three
public datasets (DaLiA, WildPPG, BIDMC), our method con-
sistently improves inter-beat interval accuracy and HRV
indices compared to prior work. For SDNN, we reduce error
by up to 80% relative to traditional peak detection, while
improving agreement with ECG-derived references.

Conclusion: Uncertainty-aware multimodal observations
with an adaptive state-space model (SSM) yield robust HRV
estimation under real-world artifacts.

Significance: Our method enables robust HRV monitor-
ing in realistic settings from common wearable sensors and
provides strong baselines and results to support research
and future applications.

Code: github.com/eth-siplab/multimodal-hrv

Index Terms— Heart rate variability, Photoplethysmogra-
phy, Signal processing, Wearable devices

[. INTRODUCTION

Heart rate variability (HRV) is a widely used noninvasive
marker of cardiac autonomic activity and has been associated
with multiple indicators of cardiovascular health. Variations in
beat-to-beat intervals reflect the balance between sympathetic
and parasympathetic nervous system inputs [1], making HRV
a sensitive measure of autonomic regulation [2]. Lower or
abnormal HRV has been linked to elevated risk of cardio-
vascular morbidity and mortality, as well as other systemic
health outcomes [3]. For instance, alterations in HRV have
been associated with diabetes [4], mental health disorders such
as depression and anxiety [5], and even sleep quality [6].

PPG has become the dominant modality, enabling con-
tinuous monitoring of blood volume changes in everyday
settings [7]-[10]. The widespread adoption of smartwatches
means that a large portion of the population collects PPG
during daily activities [11]. This accessibility has positioned
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PPG as the foundation for real-time heart rate (HR) estimation
and monitoring outside clinical environments [8]. Therefore,
extensive research has focused on improving the accuracy of
HR tracking from PPG for everyday use [12]-[15].

However, estimating HRV in the real-world is considerably
more challenging than HR. HRV analysis requires the detec-
tion of beat timings; even small inaccuracies in identifying
beat intervals lead to large errors in variability indices (e.g.,
RMSSD), making them sensitive to motion artifacts [16].
While deep learning approaches have been developed to en-
hance HR estimation [17], [18], most rely on feed-forward
architectures that process windows in isolation. Because these
models do not enforce temporal continuity across windows,
small errors accumulate over time, producing drift [15]. This
failure of temporal consistency renders fine-grained HRV
analysis unreliable in high-motion conditions.

Motion artifacts and signal distortions are the primary
challenge for HRV estimation from wearable PPG, as they
obscure beat-to-beat dynamics and undermine methods that
depend on clean waveforms [19]-[21].

Unlike in controlled settings, wearable data collected in the
wild is contaminated by motion, posture changes, and envi-
ronmental noise, making accurate peak detection difficult [14].
This challenge highlights the need for assessing the quality of
a given interval and adaptively estimating HRV.

In this work, we propose a unified framework that couples
neural networks with a learnable state-space model. Unlike
static filters, it updates its dynamics and observation un-
certainty continuously using contextual signals (e.g., IMU,
temperature) to handle motion and physiological transitions.
We evaluate our method on three public datasets, including
the largest collected in naturalistic conditions, WildPPG and
DaLiA. Comparing against traditional techniques, our method
substantially reduces error, demonstrating that robust HRV
monitoring is feasible even in high-motion daily life scenarios.

We summarize our main contributions as follows:

o a deep learning—SSM hybrid that models beat intervals
with second-order dynamics to capture inter-beat interval
oscillations and PAT-driven variability,

« an adaptive trust gate that leverages learned uncertainty to
suppress corrupted intervals for improving validity, and

o extensive experiments in which our method outperformed
traditional approaches by more than 80%, providing
robust HRV estimates under everyday conditions.
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Fig. 1: Our proposed method directly estimates HRV based on signals from wearable devices in daily-life conditions. (a) PPG
and ECG signals, their corresponding inter-beat intervals (IBIs), and their relationship via pulse arrival time (PAT). (b) Pre-
processing and neural networks, where PPG and auxiliary modalities are used to estimate the IBI distribution, parameterized
by mean ( ) and log-variance (S¢) under a negative log-likelihood loss. (C) State-space modeling via a parametrizable Kalman
filter, which captures IBI transitions while incorporating environmental variables and the learned observation uncertainty.

[I. RELATED WORK
A. HRV Estimation

Estimating HRV from blood volume changes has been
explored using both contact-based and remote PPG [19], [22]-
[24]. Early studies primarily relied on contact PPG placed on
the fingertip to extract inter-beat intervals, demonstrating the
feasibility of HRV analysis without ECG [19]. In a related
direction, Ballistocardiogram (BCG) signals have also been
employed to detect beat timings and measure HRV [20].

More recently, researchers have investigated remote PPG,
which extracts blood volume pulse signals from facial
videos [22], [23]. These approaches enable contactless HRV
monitoring with applications in telehealth. However, both con-
tact and remote PPG methods assume high-quality waveforms
obtained under stationary conditions. For example, authors
in [23] achieved accurate HRV estimation from rPPG but
required subjects to remain still under consistent lighting.

Despite these advances, robust HRV estimation from PPG
in real-world conditions remains largely underexplored. Most
existing approaches rely on clean morphological features of
the PPG waveform [25], [26], which are highly sensitive to
motion artifacts and environmental noise [21]. Others require
ECG to detect peaks [25], [27], a modality rarely available in
wearable devices. Consequently, methods developed for labo-
ratory environments often fail to generalize to data collected in
the wild, where motion and variability alter the waveform [28].
Recent efforts have sought to address these challenges by using
signal quality indices [29] or deep learning—based denoising
techniques [30], [31], yet these approaches remain limited un-
der dynamic conditions. Along similar lines, prior work either
combines deep denoising with post-hoc PRV tracking [21] or
directly regresses HRV indices from processed PPG [32], [33];
however, both remain limited in enforcing beat-level temporal
consistency under nonstationary motion. Moreover, rigorous
evaluations and open-source implementations for HRV esti-
mation are still lacking, limiting comparability and leaving
open the need for methods to provide reliable HRV indices.

These limitations motivate the development of our method,
which is designed to operate under noisy, unconstrained con-
ditions while incorporating complementary sensing modalities
such as inertial measurements to provide motion context and
improve HRV estimation in real-world environments.

B. State-Space Approaches

State-space models such as the Kalman filter have been
used for modeling physiological dynamics and handling noisy
signals [34]-[36]. These approaches provide a principled way
to represent latent physiological states and update them in
the presence of noise or uncertainty, including motion ar-
tifacts. For example, authors in [36] parameterize Kalman
filter updates using respiratory signals. However, most SSM
implementations are relatively straightforward, focusing on
generic fusion without explicitly considering the temporal
structure or nonlinear relationship between different modal-
ities. In particular, they do not fully exploit how HRV can
be modeled as a dynamic process. As a result, their ap-
plicability to HRV estimation from wearable PPG in real-
world conditions remains limited. In this work, we propose a
tailored deep learning—based state-space framework for HRV
estimation, incorporating complementary sensor modalities to
achieve robustness in real-world settings.

[1l. METHOD

We estimate HRV by combining a per-segment neural
network with a lightweight, learnable SSM that filters inter-
beat intervals (IBIs) over time. PPG-derived intervals differ
from ECG-based RR intervals due to variations in pulse arrival
time (PAT) [37], as well as distortions introduced by motion
and environmental factors. Although PAT is related to IBIs,
explicit estimation is infeasible without ECG signals. Our
approach consists of two stages: (i) learning a per-window
IBI distribution from PPG and auxiliary modalities, and (ii) fil-
tering the resulting IBIs with a causal, parameterized Kalman
filter. Crucially, to address the non-linear and oscillatory nature
of HRY, the filter’s dynamics and hemodynamic offsets are not
fixed but adapted at every step based on contextual features.
The following sections describe each component in detail.

A. Pre-processing

PPG signals (green channel, 128 Hz) were segmented into
8-second windows with 6-second overlap for IBI estimation.
We found shorter windows (4 s) too sensitive to noise, while
longer windows reduced the model’s ability to track rapid
changes. Each segment was bandpass-filtered using a zero-
phase second-order Butterworth filter (0.5-8 Hz) to suppress
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baseline drift and high-frequency noise. ECG signals were b) Dynamics: The latent RR trajectory evolves as a
processed using the Pan—Tompkins algorithm [38] to detessicond-order autoregressive process. While standard Kalman
R-peaks, from which reference RR intervals were derived. lters assume xed linear dynamics, physiological transitions
Inertial measurement unit (IMU) signals (auxiliary modalare complex and state-dependent. Therefore, we employ a
ity) were segmented in the same way as PPG and resamglétear Time-Varying (LTV) formulation where the transition
to the same frequency (128 Hz), without additional Itering oparameters are predicted by the neural network at every step:
normalization. Temperature signals (auxiliary modality, 1 H ] ) )
were also segmented, but since variance within short windoz\lf%7§t = 11 RRu + 12 RRiz 4wy wi N0 q 1)

) 2
was small, each segment was represented by its average ve}lyeeré _is the transition coef cient andq 0 speci es tr(1e)

instantaneous process noise. Both parameters are predicted
from auxiliary features (IMU, temperature). This allows the
model to switch regimes. For example, increasing process
We used modality-speci ¢ neural encoders to extract feaoise g during activity onset to track HR accelerations, or
tures from each signal type. For PPG, we employed a thregfjusting to lock into stable sinus rhythm during rest.
block UNet [39], denoteddpd ). IMU signals were processed c) Observations: The observation model links the latent
with a two-layer convolutional network gy (); kernel size state RR to the inter-beat interval mwhich is estimated
9, 64 channels), and temperature signals with a two-laygem PPG. Crucially, we do not treat PAT changes as random
multilayer perceptron femy( ); dimensions 1-32-64). We alsonoise. Instead, we model the measurement as the sum of the
experimented with convolutional networks and LSTM backrue cardiac interval (RR, a learned hemodynamic offset
bones, but the UNet consistently yielded the best performangeapturing PAT), and measurement noisg,(gs in Equation 3.
likely due to its multi-scale feature extraction capability [40].
The models were trained using the negative log-likelihood M =RR¢+ pare +ve; v NOIR o) (3)
(NLL) on 1Bl prediction. Speci cally, the predicted mean where pur is a learned hemodynamic offset predicted from

was obtained from a linear projection of PPG features, Whi}ﬁjxiliary features, and Ris the observation uncertainty:
the log-variance s was obtained from a linear projection of

the concatenated features from all modalities (Figure 1). This Rt = exp(st) exp(); (4)
design enables the model to rely on the PPG waveform fo;1
IBI estimates while leveraging auxiliary signals for predictivgv

uncertainty, e.g., higher uncertainty in high-motion segmen

B. Estimating IBIs

ere s is the log-variance from the encoders and s
learnable scale. In this formulationpar: accounts for
systematic shifts in PAT caused by posture changes or physical
exertion (measurable via IMU), while; vcaptures random
measurement errors. This disentanglement aims to allow the
model to recover the underlying rhythm RReven when

PP intervals are generally measured as foot-to-foot distangrsipheral vascular dynamics distort the mechanical timing.
in the PPG [41], while pulse arrival time corresponds to the d) Learning the parameters: Traditional state-space models
delay between ECG R-peaks and PPG foot points (Figure fdly on hand-tuned parameters which are difcult to set

C. State-Space for Re ning IBls

These timing quantities are related by Equation 1. optimally for diverse real-world conditions. Instead, we learn
the parameters in a data-driven manner. A lightweight NN
PPt RR =(PAT w1 PAT ), (1) head g() predicts the transition parameters,(g) and the

. . _ hemodynamic offsetpar.; from auxiliary features. By learning
which shows that discrepancies between PPG and EC{Fase parameters across varied activities and subjects, the

derived inte_r—b_eat _intervals arise f_rom changes in PAT. '”Pﬁodel adapts its dynamics to different motion and noise
portantly, this implies that even with a perfectly clean PPGyhtexts for robustness in real-world environments.
waveform and accurate detection of foot points, HRV esti-

mation remains challenging unless the variability in PAT is o
also accounted for. This observation motivates the use of°a Ifaining
latent representation that captures both the underlying cardia©ur method is trained in two stages. In the rst stage,
intervals and peripheral delays for accurate IBI estimationsthe models #pc (), fimu (), and fremp () are optimized

a) Latent state: To capture the quasi-periodic nature @fith a negative log-likelihood loss d using per-window
HRV without over-smoothing, we model the latent cardialBI labels to estimate the mean and log-variances In the
rhythm as a second-order system. The state vector is de neecond stage, these models are frozen and used to generate
as x =[RR¢;RR1 ;RRy2 ]7, representing the current and( ;s;) over full subject sequences. End-to-end training can
previous inter-beat intervals. Unlike simple rst-order modelsadmit degenerate solutions where the observation network and
this formulation allows the Iter to represent oscillatory phethe SSM co-adapt to maximize likelihood by in ating gains
nomena such as respiratory sinus arrhythmia. The 3D statecollapsing uncertainty, rather than improving beat timing.
also lets us write the second-order dynamics as a rst-order experiments, we observed this as divergence of (; ) and
Markov process, where at each step, the lter updates RRvercon dent s, even with gradient clipping and parameter
and shifts the lagged components forward. constraints. Thus, we adopt a two-stage training scheme.
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The SSM is optimized with a composite loss with threthe coverage ( 0.82) accuracy tradeoff. Within each cross-
objectives: (1) accuracy, measured by theerror between validation fold, we reserve a random 10% subset of the training
predicted (®) and reference (xX) RR intervals; (2) innovatiodata as a validation set and use it to tune w and ; no test
consistency, which ensures that the Iter's predicted uncesubjects are used for calibration. For test, the resulting re-
tainty § is consistent with the actual squared prediction errdsined coverage was 0.80 across datasets. Because the score
etz_ We penalize deviations of their ratio from one,%[i 1], distribution shifts with motion intensity, the same threshold
so that the model neither underestimates nor overestimatedugctions differently across conditions to retain good intervals
con dence. And, (3) physiological plausibility which encourwhile masking intense motion segments. Since standard HRV
ages the predicted RRs (®) to remain within 300-1900 m@nalysis is de ned on normal-to-normal intervals, we treat
Formally, the loss is de ned as in Equation 5. gated-out windows as abnormal/corrupted and exclude them

from HRV computation. The resulting technique ensures only
Lssm=KkR¢ X tKi+ innovE i 1+ pounasP(®¢); (5) Valid segments contribute to the HRV estimate.

St

where P() applies a soft penalty (quadratic outside the IV. EXPERIMENTS

valid range) to RR intervals that fall outside physiologically Wi | both th ; d th lizati
plausible limits. The weights oy = 0:05 and pounds= 0:5 e evaluate both the performance and the generalization

were chosen through a grid search on the training set and tﬁénmethods under diverse conditions, ranging from resting

xed across all datasets, without dataset-speci c retuning &enods to ex”e“?e motion. To ensure fairess, we k_eep all
have a realistic evaluation. parameters (architectures, learning rates, and loss weights) of

To stabilize optimization, a short warm-up period blend®ur method xed across datasets and subjects to assess gener-

the learned parameters toward conservative defaults while S&ﬁl"zatlon without tuning to speci ¢ datasets or individuals.

updating all prediction heads of the state space model. Both
training and evaluation are performed causally, ensuring that patasets

predictions depend only on past and present observations. . ) . ,
For Stage 1, the models were trained with a learning rateWe use three public datasets: DaLIA [14], WildPPG [17],

of 5e-4, batch size 128 for 100 epochs. In Stage 2, S ndtﬁlDlMC [4,[35 [t)al‘"? amTIW;Idg).PG ar|e|'|fmpor2|art1r:, as theyd
was optimized with a learning rate of 1e-3, batch size 2 € the largest datasets coflected In real-iile and thus provide

for 15 epochs. We used the Adam optimizer in both Stagea,sstrong benchmark for HRV under motion and environmental

. S L .variability. We also include BIDMC, since its clean clinical
Early stopping on the validation was applied in Stage 1 it 2°" . ' . .
y stopping PP g ordings allow us to validate methods without motion.

a patience of 15, whereas in Stage 2 no early stopping W . . ) ;

used since the smaller model showed no signs of over ttinq. %aL'A' DaliA c_o_nssts of approximately 2 h_ours of rec_or_d-
ngs from 15 participants (total 30 hours) during naturalistic
activities such as walking, running, and cycling [14].

E. Quality gating for corrupted intervals WildPPG: WildPPG contains 13.5 hours of recordings from

Wearable PPG is prone to motion artifacts [17]. Thus, wkb Participants (total 216hours) during outdoor activities,
use a trust gate based on three complementary failure mod@pturing PPG and ECG under real-world conditions [17]. The
First, statistical inconsistency is monitored via the normalize#fitaset includes substantial noise due to motion, temperature
innovation squared,;z= je;j= . Large deviations of Z uctuations, and enylronmen_tal changes, makmg it especially
indicate motion or ectopic beats. Since HRV analysis requirédluable for assessing algorithm robustness in real-world.
Normal-to-Normal intervals [42], gating these outliers is nec- BIDMC: BIDMC dataset consists of 8-minute resting-state
essary to preserve validity. Second, aleatoric uncertaingy (#ecordings from hospital patients [43]. PPG waveforms in this
is derived from the network's predicted variance ® cap- dataset are extremely clean compared to real-life recordings,
ture intrinsic low-SNR. Third, physiological plausibilityy) ~Making it well-suited as a proof of concept to demonstrate if
penalizes absolute beat-to-beat jumps j RR Beat-to-beat methods perform reliably with minimal motion artifacts.

RR changes are physiologically limited, as autonomic control

me_chanlsms modulate over multiple bgats rather than wtcl‘gr] Evaluation

a single cycle [16], [42]. Thus, abrupt jumps in consecutive

RR intervals are indicative of artifacts rather than variability. T0 ensure a fair assessment of our method, we adopt cross-

We Combine these metrics into a Sca|ar anoma'y score. Validation (CV) tailored to the Size al’ld CharaCteriStiCS Of eaCh
dataset. For DaLiA and WildPPG, we perform 5-fold CV

SCOrg = W1z + W ok +Wadh: 6) & the subject level to balance robustness and computational

cost since these datasets are larger in scale. For BIDMC, we

where weights are set to w = [1:0;0:5;0:5] to prioritizeapply 10-fold CV, similar to the previous work [40]. In all

statistical consistency (g We set these weights based omrases, CV is conducted at the subject level, ensuring that test

validation set performance and showed minimal sensitivigubjects are excluded from the training. For learning models,

within a 0.2 range. Rather than enforcing a xed exclusion,we trained with three different random seeds and report the

we employ an adaptive rejection strategy. We calibrate naean performance. If the variance across seeds was negligible

global threshold (0.73) on the validation set to maximizeelative to the mean, we omit it from the tables.
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TABLE I: MAE (ms) between ECG and PPG-derived HR\e keep RR intervals only in 300-2000 ms and remove outliers
indices over 5 and 10-min windows. that deviate by more than 50% from the window median.
DaLiA WIdPPG sove  Second, we quality-gate each PPG window by SNR after a
Metric  Method 5-min 10-min 5-min 10-min smin  0.5-8 Hz band-pass, treating 0.7-3.0 Hz as signal and the rest
F2F 29.3517.3 2232162 7529355 7145360 9.27158 (0.15-0.5Hz, 3-8Hz) as noise [14], [40]. Per subject, we
spNN  Elgendi 44.66208 36.91194 91.6437.3 1110303 11.2624.2 retain the top 80% highest-SNR windows (equivalently, SNR

DCL 23.21104 19.20116 32.257.25 31.746.90 15.018.7 . R .
ours 1812457 1423537 14.967.12 1452976  4.0838 dB) and discard the rest before IBI estimation and aggre-
Gain (%) 219 25.9 53.6 54.2 56.0 gation. These steps reduce spurious detections and corrupted
FaF 30.08183 38.80175 01.35403 9138410 11501738 intervals; without them, performance drops signi cantly.
RMSSD Elgendi 64.64228 66.2022.8 111.039.3 111.239.7 12.2623.9
DCL 31.1210.8 33.56105 36.155.46 36.455.31 19.7913.6
Ours 2850612 28.90857 13.81105 1461108  6.908.8 V. RESULTS
Gain (% 8.4 13.9 61.8 59.9 40.0 . .
an ¢6) We evaluated our method across datasets using IBl estimates
as well as HRV indices in both the time and frequency domain.
C. Metrics For HRV indices (Tables | and IIl), our method reduces

) , estimation error by more than 60% on average (up to 84.88%).
We evaluate performance by comparing IBls derived frofie improvements can be explained by the gains observed at

our method against those obtained from reference ECG. R || |evel (Table I1), where our method achieves up to 50%
beat-level accuracy, we report the mean absolute error (MAB tormance improvements. These gains are especially pro-

and Pearson correlation coef cient (r). nounced in the real-world datasets, highlighting the robustness
Time-domain HRV indices: We compute the standard devig o, approach under challenging conditions.

tion of Normal-to-Normal intervals (SDNN) and the root mean \ye aiso present Bland—Altman and correlation plots for
square of successive differences (RMSSD). These metrics 8fnparison (Figures 2 to 5). The traditional F2F shows low

calculated over non-overlapping 5 and 10-minute windows. Weye| of agreement, whereas our approach yields narrower
report HRV indices only for the 5-minute window for BIDMC |ijts and reduced systematic error. These results demonstrate
as it has 8-minute recordings. that our method improves accuracy and provides HRV indices

Frequency-domain HRV indices: We compute lowgjigneq with the ECG, while extending usable monitoring

frequency (LF, 0.04-0.15Hz) and high-frequency (HF, 0.1%m6 e observe that error rates for SDNN and RMSSD can
0.40Hz) power from the IBls using Welch's method [44]_be very high for traditional signal processing methods. This
We report LF and HF in normalized units (i.e., LF/(LF+HF)is |argely due to the fact that PPG in real-world conditions is

unitless). Agreement with ECG-derived indices is obtaineg,scentible to noise. Even after applying Itering and window-
using Bland-Altman bias and limits of agreement (LOA) [37}gjection techniques, many corrupted segments remain, as the

distortions are not always easily distinguishable. Because HRV
indices are derived from IBIs, any error compounds over
We compared our method against three baselines. Fitsie window, leading to large errors in SDNN, RMSSD, and
a traditional signal processing pipeline [26], [28], wher&requency-domain measures. In other words, while Itering
PPG peaks are detected, foot points identi ed by differentinay remove the most corrupted intervals, the remaining mises-
ation [37], and IBIs calculated as foot-to-foot (F2F) distanceimations accumulate, amplifying errors. This highlights both
In addition to the signal-processing baseline, we include (i) thiee sensitivity of HRV to small inaccuracies and the need for
Elgendi rule-based peak detector [45] (via NeuroKit2 [46]) andbust modeling approaches in real-world settings.
(i) a deep learning baseline using a CNN-LSTM (DCL) model However, our method adopts a gating mechanism to quantify
commonly used for PPG [15] (without state-space re nementhe reliability of each interval using indicators (innovation
We applied standard IBI cleaning because traditional PP&atistics, observation variance, and beat-to-beat stability).
based estimates for HRV are extremely noise sensitive. FilRgther than discarding segments based on xed heuristics, the

D. Baselines

Fig. 2: (a) Correlation and (b) Bland-Altman plot obtainedrig. 3: (a) Correlation and (b) Bland-Altman plot obtained
with our method for WildPPG Subject 1. Approximately 80%wvith traditional processing methods for WildPPG Subject 1.
of intervals were preserved after gating, resulting in a corrépproximately 80% of intervals were preserved after elim-
lation of r .92 and a Bland—Altman bias of 4 ms comparednating noisy segments, resulting in a correlation of 0.72
to ECG IBls. with ECG.
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TABLE II: Comparison of PPG based IBI estimation performance in ms between methods across datasets in three metrics.

Method DaLiA WildPPG BIDMC

MAE RMSE r MAE RMSE r MAE RMSE r
F2F 89.050.2 123.659.0 0.500.12 118.440.2 1795465 0.250.21 16.2331.8 27.136.2 0.500.35
Elgendi 74.025.7 120.4343 0.630.20 147.7558 2244612 015017 1241248 275438 0.590.40
DCL 67.010.3 90.115.4 0.700.10 105.720.8 144.43239 0.530.10 4355105 514225 0.340.18
Ours 60.07.3 83.884 0.810.11 89.417.1 113.525.6 0.600.11 8.653.12 13.210.4 0.910.10
Gain (%) 10.4 7.1 15.7 15.4 21.4 13.2 30.3 51.3 54.2

Fig. 4: (a) Correlation and (b) Bland-Altman plot obtained~ig. 5: (a) Correlation and (b) Bland-Altman plot obtained
with our method for DaLiA Subject1. 82% of intervals wereawith traditional processing methods for DaLiA Subject 1. With
preserved after gating, resulting in strong agreement with EG2% of intervals, the correlation reaches r .79 with ECG-
(correlation r .87, Bland-Altman bias of 2 ms). derived ground-truth IBIs.

gating adapts to the data distribution and selectively masggPecially in DaLiA and WildPPG. In WildPPG, temperature
corrupted intervals before HRV computation to improve botiformation was particularly important, as recordings were
IBI accuracy and the robustness of derived metrics. collected in extreme environments such as mountains [17].
Overall, our method shows consistent gains over prior worknder these conditions, removing auxiliary modalities in-
By combining deep learning with a tailored SSM, we achievg€ased error by 25-30% and substantially reduced agreement.
lower IBI errors, stronger agreement with ECG across HRiNally, replacing the learned transition and noise parameters

indices, and improved robustness in realistic conditions.  ( t» &, Rt, and par;) with constants led to a clear drop
in performance, with errors rising by up to 100%. In this

) ) ablation, we set ;; = 1, 2 = 0 (random-walk),
A. Ablation Studies G = 0:01 (low process noise), R= 10 (xed observation
We performed ablation studies to evaluate the contributimariance), and parr = 150 ms (mean hemodynamic offset).
of each component, with results shown in Tables IV and he degradation con rms that learning state-space parameters
First, removing the SSM (w/o SSM) and relying solely on NNs essential, and manually chosen constants cannot capture the
predictions increased the IBI error by 20% and reduced theariability. Overall, ablation studies show that each component
alignment with ECG-derived HRV indices (SDNN, RMSSDYxontributes to the overall performance.
50%. We also replaced the SSM with a 2-layer causal Tran&Zomputational Ef ciency: Our backbone (3-block UNet) runs
former (w/ Trans.), but it did not close this gap, suggesting real time on mobile-class hardware [40]. Our SSM adds
that structured uncertainty-aware ltering (rather than generic5k MACs (for F=10, hidden 64), which is about 10
sequence modeling) is key to robustness. cheaper than a single UNet pass over the same segment.
Second, excluding auxiliary modalities (w/o AM) such a®verall, our model has 305k parameters. In addition, our
inertial and temperature signals caused a drop in performangesprocessing is lightweight. Because the SSM is causal and
low-dimensional, it adds negligible latency. Our pipeline thus

. . upports real-time, on-device deployment on wearables.
TABLE llI: Bland—Altman analysis of frequency-domain HR\/'S PP Pioy

indices (bias [95% LOA]).

DaLiA WildPPG BIDMC

TABLE IV: Ablation experiments of our method in three
datasets compared with estimated IBls from ECG.

Metric Method 5-min 10-min 5-min 10-min 5-min

F2F  -14.8[-29.8, 3.6] -14.6 [-25.3, -2.1] -13.4 [-41.2, 29.7] -11.6 [-37.6, 27.7] -13.6 [-29.8, 3.6]

F FElgendi -19.4(363 23] -195[324,-40] -13.4[412,292] -118[373,26.1] 10.6[0.02, 234] Method DaLiA WildPPG BIDMC
DCL  -17.4[-32.1,06] -17.3 [-28.6, -4.1] -7.77 [-37.3, +37.9] -5.62 [-33.8, 37.0] -24.0 [-35.9, -8.78] MAE  RMSE r MAE  RMSE r MAE  RMSE r
Ours  -25[-96,5.2] -23[7532 80[14.9 39.8] 9.7[-13.2, 41.4] 86 [5.12, 25.4]
Gain 83.1% 84.20% 3.0% 72.6% 18.9% Ours 60.06  83.85 0.81 89.37 1135 0.60 8.65 13.21 0.91

w/o SSM 73.12 98.71 0.69 1153 167.9 0.45 12.83 17.90 0.74

Elgendi 24319, 58.0] 24.5[46, 48.7] 169 [-189,70.6] 151 [-16.1, 60.1] -4.24 [-118, 463 "/ Trans. 1108 1375 060 1785 2001 037 2017 2868 055
DCL  21.37[0.4,48.1] 212[45 40.8] 10.3[235 61.6] 8.18[-22.3 53.3] 61.2[36.7,920] WOAM 7833  100.1 0.61 1321 1783 0.39 8.65 1321 0.91
Ours  26[-49 106] 24[-3.0,81] -6.8[250, 18.2] -8.0[-255, 15.8] 1.10[8.27, 13.2] W/OLP 89.61 1204 0.57 1437 190.2 0.33 18.29 2341 0.54
Gain 85.1% 86.0% 34.0% 2.2% 74.1% Gain 17.86% 15.05% 17.39% 22.49% 32.40% 33.33% 32.58% 26.20%  22.97%

F2F  17.5[3.3,42.9] 17.2[2.3,344] 16.8[-19.0,70.9] 14.8[-168, 61.3] 29.6 [17.0, 44.3]
HF
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