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Abstract

The high prevalence of cardiovascular diseases (CVDs) calls
for accessible and cost-effective continuous cardiac monitor-
ing tools. Despite Electrocardiography (ECG) being the gold
standard, continuous monitoring remains a challenge, leading
to the exploration of Photoplethysmography (PPG), a promis-
ing but more basic alternative available in consumer wearables.
This notion has recently spurred interest in translating PPG to
ECG signals. In this work, we introduce Region-Disentangled
Diffusion Model (RDDM), a novel diffusion model designed
to capture the complex temporal dynamics of ECG. Traditional
Diffusion models like Denoising Diffusion Probabilistic Mod-
els (DDPM) face challenges in capturing such nuances due
to the indiscriminate noise addition process across the entire
signal. Our proposed RDDM overcomes such limitations by in-
corporating a novel forward process that selectively adds noise
to specific regions of interest (ROI) such as QRS complex in
ECG signals, and a reverse process that disentangles the de-
noising of ROI and non-ROI regions. Quantitative experiments
demonstrate that RDDM can generate high-fidelity ECG from
PPG in as few as 10 diffusion steps, making it highly effective
and computationally efficient. Additionally, to rigorously vali-
date the usefulness of the generated ECG signals, we introduce
CardioBench, a comprehensive evaluation benchmark for a
variety of cardiac-related tasks including heart rate and blood
pressure estimation, stress classification, and the detection
of atrial fibrillation and diabetes. Our thorough experiments
show that RDDM achieves state-of-the-art performance on
CardioBench. To the best of our knowledge, RDDM is the first
diffusion model for cross-modal signal-to-signal translation in
the bio-signal domain.

1 Introduction
The persistent rise in cardiovascular diseases (CVDs) is a
leading cause of mortality worldwide, with an estimated
17.9 million fatalities attributed to CVDs in a year (Kauff-
man 2020). Early detection, timely intervention, and widely-
accessible health-monitoring devices are crucial factors in
preventing CVDs and reducing related healthcare costs. De-
mocratizing accurate cardiac monitoring is critical, as it em-
powers individuals and communities to take control of their
cardiovascular health regardless of socioeconomic status or
geographic location (Bayoumy et al. 2021).
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Electrocardiography (ECG) has long been the gold stan-
dard for cardiac monitoring, offering crucial insights to diag-
nose numerous CVDs (Hannun et al. 2019). However, their
requirement for specialized equipment and skilled medical
personnel limits their accessibility and affordability for daily
life cardiac activity monitoring. Continuous ECG monitoring
is always preferred over conventional clinical settings as it
offers a comprehensive assessment of cardiac activity by col-
lecting and analyzing data from patients uninterruptedly in
their day-to-day life, and is not limited to a single point in
time. For example, the detection of Atrial Fibrillation (AFib)
remains challenging due to its asymptomatic and intermittent
nature (Camm, Corbucci, and Padeletti 2012), which often
goes undetected in clinical settings that usually take place
over the short duration of a patient’s visit to the physician
(Steinhubl et al. 2018).

To overcome these limitations, Photoplethysmography
(PPG) has emerged as a promising non-invasive and cost-
effective alternative for continuous cardiac monitoring in
wrist-based wearable devices. PPG is a non-invasive optical
signal that measures blood volume fluctuations to capture
cardiac activity. However, PPG lacks detailed cardiac infor-
mation in comparison to ECG, which limits its use in diag-
nosing CVDs. Due to the non-invasive nature and ability of
PPGs to be integrated into wearable devices, it provides an
unmatched level of ubiquity.

To leverage the convenience and continuous monitoring
ability of PPG and the diagnostic utility of ECG, PPG-to-
ECG translation has emerged as a promising, yet challenging
alternative (Sarkar and Etemad 2021; Vo et al. 2021; Lan
2023). The goal of PPG-to-ECG translation is to use deep
learning techniques to generate ECG signals from PPG, with
the aim that intricate CVD-related information in PPG signals
become more prominent and detectable in the output ECG.

We identify two key areas that require significant improve-
ment in the context of PPG-to-ECG translation. First, recent
advances in Diffusion models have shown great promise in
producing hyper-realistic content with high fidelity (Saharia
et al. 2022; Blattmann et al. 2023; Ruan et al. 2023). Yet, to
our knowledge, they have not been successfully explored for
PPG-to-ECG translation. More specifically, designing Diffu-
sion models capable of effectively learning the nuances of
both spatial and temporal dynamics of bio-signals like ECG
has not been explored. Second, despite promising results in
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PPG-to-ECG translation, to our knowledge, experiments to
comprehensively evaluate the predictive power of the gener-
ated ECG in detecting CVDs in comparison to the original
PPG signals has not been conducted.

In this paper, we leverage diffusion models (Sohl-Dickstein
et al. 2015) and develop a framework for PPG-conditioned
high-fidelity ECG generation. We observe that Diffusion mod-
els like Denoising Diffusion Probabilistic Models (DDPMs)
(Ho, Jain, and Abbeel 2020) struggle to capture the nuances
of bio-signal translation due to their inability to identify re-
gions of interest (ROIs), and therefore fail to learn both the
global structures and fine-grained local details. The under-
lying reason for this limitation is rooted in the forward pro-
cess, which uniformly adds noise to the entire signal without
considering the morphological differences of different bio-
signals (e.g., QRS complex in ECG or systolic peak in PPG).
To overcome this challenge, we introduce a novel Diffusion
model called Region-Disentangled Diffusion Model (RDDM)
which is able to capture the complex temporal dynamics and
region-specific intricate details of ECG signals. In particular,
we introduce a novel forward process that selectively adds
noise to specific ROIs in ECG and a reverse process that dis-
entangles the denoising of QRS and Non-QRS regions. Our
experiments show that our method outperforms state-of-the-
art methods in PPG-to-ECG translation in terms of standard
error metrics (e.g., RMSE). Moreover, to tackle the second
problem mentioned earlier, we introduce CardioBench, a
comprehensive evaluation benchmark for PPG-to-ECG trans-
lation. CardioBench consists of a series of 5 cardiac-related
tasks selected to evaluate the utility of the generated ECG
signals. The tasks include (1) Heart rate (HR) estimation,
(2) AFib detection, (3) Stress and Affect classification, (4)
Diabetes detection, and (5) Blood Pressure (BP) estimation.
Evaluating our proposed method on CardioBench demon-
strates that the generated ECG signals can be effectively used
for cardiac-related tasks, and can outperform the use of the
original PPG for the same tasks by large margins.
Following is a summary of our contributions:
• We introduce RDDM, a novel diffusion model for high-

fidelity PPG-to-ECG translation. To the best of our knowl-
edge, this is the first diffusion model for cross-modal signal-
to-signal translation in the bio-signal domain.

• Our proposed RDDM introduces a novel approach that
disentangles the diffusion process into two distinct com-
ponents. The first component captures the global temporal
structure of ECG signals, while the second component is
dedicated to capture the fine-grained local details. This
enables RDDM to generate high-fidelity ECG and do so in
just 10 sampling steps making RDDM highly-efficient.

• To evaluate the quality and utility of the generated ECG, we
introduce CardioBench, a comprehensive evaluation bench-
mark comprised of 5 challenging cardiac-related tasks.

• Our extensive evaluations demonstrate that the ECG sig-
nals generated by RDDM are significantly better in quality
than DDPMs and prior works in both standard quantitative
measures and their performance on CardioBench tasks.

• We make the code public to the research community1.

1https://github.com/DebadityaQU/RDDM

2 Related Work
ECG synthesis with Generative models. Generative models,
particularly Generative Adversarial Networks (GANs) have
been used as a promising approach in ECG synthesis (Chen
et al. 2022; Golany and Radinsky 2019). Recently, Diffusion
models have also been used for ECG generation (Alcaraz
and Strodthoff 2023; Adib et al. 2023; Neifar et al. 2023).
Unconditional ECG generation using 2D Gramian Angular
Field representations has been explored in (Adib et al. 2023).
DDPMs have been used for ECG generation from clinical
statements (Alcaraz and Strodthoff 2023). DiffECG (Neifar
et al. 2023) explored the application of DDPM for class-
conditional ECG synthesis.

PPG-to-ECG translation with Generative models. The
research landscape of PPG-to-ECG translation remains rela-
tively under-explored. Earlier attempts to solve this problem
primarily focused on estimating various ECG parameters
from PPG signals rather than direct reconstruction using
methods like Feature selection (Banerjee et al. 2014), Lin-
ear regression (Zhu et al. 2021), and Dictionary learning
(Tian et al. 2022). Such methods suffer a degradation in per-
formance when evaluating in a subject-independent manner.
CardioGAN (Sarkar and Etemad 2021) made the first at-
tempt at using Generative models for direct PPG-to-ECG
translation. They used unpaired training using CycleGAN
(Zhu et al. 2017) with an improved architecture by incorpo-
rating attention and dual time-frequency discriminators. Em-
pirically, they demonstrated significantly better HR estima-
tion from the generated ECG compared to the original PPG.
Similarly, (Vo et al. 2021) utilized conditional Wasserstein
GANs for PPG-to-ECG translation. (Lan 2023) developed a
Transformer-based framework for reconstructing ECG from
PPG, and further fine-tuned the model for CVD detection
using original PPG and generated ECG together.

3 Region-Disentangled Diffusion Model
Diffusion models (Sohl-Dickstein et al. 2015) consist of a
forward and a reverse process. The forward diffusion pro-
cess q(xt|xt−1) can be characterized as a Markov chain that
progressively adds Gaussian noise at every timestep t:

q(xT |x0) :=

T∏
t=1

q(xt|xt−1), where

q(xt|xt−1) := N (xt;
√

1− βtxt−1, βtI).

(1)

Here, x0 ∼ q(x0) is a clean signal and βt is a small positive
constant obtained from a fixed variance schedule β1, · · · , βT .
Let αt := 1 − βt and ᾱt :=

∏t
s=1 αs. Then, the forward

diffusion process yields a sample at timestep t, denoted by
xt, which can be obtained in a single step as follows:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, where ϵ ∼ N (0, I). (2)

Since the reverse step of the forward process, q(xt−1|xt) is
computationally infeasible, DDPMs (Ho, Jain, and Abbeel
2020) maximize the variational lower bound (ELBO) using a
parameterized Gaussian transition pθ(xt−1|xt) with parame-
ter θ. Consequently, the reverse process is approximated as
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Figure 1: PPG-to-ECG translation with RDDM. Top: ROI-
guided Forward process selectively adds Gaussian noise to
the QRS regions, while standard forward process adds noise
uniformly across the ECG. Bottom: Our reverse process in-
volves disentangled denoising of the QRS and Non-QRS
regions by ϵθ and ρϕ respectively.

a Markov chain with a learned mean and a fixed variance,
initiated from p(xT ) = N (xT ; 0, I):

pθ(x0:T ) := pθ(xT )

T∏
t=1

pθ(xt−1|xt), (3)

where, pθ(xt−1|xt) := N (xt−1;µθ(xt, t), σ
2
t I), (4)

and, µθ(xt, t) :=
1√
αt

(
xt −

1− αt√
1− ᾱt

ϵθ(xt, t)
)
, (5)

The diffusion model ϵθ can be conditioned upon the input
signal c, which makes the conditional objective:

L(θ) := Et,x0,ϵ

[
|ϵ− ϵθ(

√
ᾱtx0 +

√
1− ᾱtϵ, c, t)|2

]
. (6)

PPG-to-ECG translation can be performed by adopting
Equation 6 using the PPG signal as input condition c to gener-
ate the corresponding ECG signal x0. To enable the Diffusion
model to learn both global structures and fine-grained local
details of ECG for nuanced bio-signal translation, we propose
RDDM which modifies the forward and reverse process of
DDPMs as discussed below.
Forward Process. The forward process of RDDM consists of
2 stages, (i) we obtain a noise-added sample xt following the
standard forward process mentioned in Equation 2; (ii) in par-
allel, we also obtain a selectively noise-added sample x

[m]
t ,

in a process which we refer to as the ROI-guided forward
process. Given the salience of cardiac-related information
in the QRS complex of ECG signals, we define the ROI to
enable the Diffusion model to learn these regions effectively

Algorithm 1: RDDM Training
1: repeat
2: x0 ∼ q(x0);
3: t ∼ Uniform({1, . . . , T})
4: ϵ ∼ N (0, I)
5: Apply ROI mask: ϵ[m] = (µ · ϵ)
6: Compute xt =

√
ᾱtx0 +

√
1− ᾱtϵ

7: Estimate x[p]
t = ρϕ(xt, c, t)

8: Compute x[m]
t =

√
ᾱtx0 +

√
1− ᾱtϵ

[m]

9: Calculate gradient as

∇θ,ϕ

(
λ1

∥∥ϵ[m]−ϵθ(x
[m]
t , c, t)

∥∥2
+λ2

∥∥∥x[m]
t −x[p]

t

∥∥∥2
)

10: until converged

alongside the global structure of the ECG which is facilitated
through the standard forward process. Accordingly, we define
a binary mask µ with the same length of x as:

µ[i] =

{
1, if ir − Γ

2 ≤ i ≤ ir +
Γ
2

0, otherwise
(7)

where, ir denotes the indices of R-peaks and Γ is a hyper-
parameter defined as the window size to capture the ROI
centered at ir. Finally, the ROI-guided forward process is
defined as:

x[m]
t =

√
ᾱtx0 +

√
1− ᾱt(µ · ϵ) where ϵ ∼ N (0, I). (8)

Reverse Process. Since µ is not available during inference,
we approximate the parameterized transition ρϕ(x

[m]
t |xt) by

our training objective defined as:

L(θ, ϕ) := E
[
λ1|(µ · ϵ)− ϵθ(x

[m]
t , c, t)|2

+λ2|x[m]
t − ρϕ(xt, c, t)|2

]
.

(9)

Here, λ1 and λ2 are the loss coefficients. In our proposed
objective, the first part is responsible for learning to denoise
the ROIs (QRS), while the second part learns to denoise the
rest of the regions (Non-QRS), effectively disentangling the
denoising of the important regions of ECG signals.

More specifically, the objective function first guides the
learning of ϵθ, where ϵθ is responsible for refining the ROIs.
The loss term |(µ · ϵ) − ϵθ(x

[m]
t , c, t)|2 encourages ϵθ to

estimate noise that, when subtracted from the signal, refines
and enhances the morphology of the ROIs. This is achieved
by minimizing the difference between the noise generated
by ϵθ and the ROI-specific noise (ρ · ϵ) in the original data
distribution. Therefore, the role of ϵθ is to learn the fine-
grained details of the ROI.

Second, the loss term |x[m]
t − ρϕ(xt, c, t)|2 encourages ρϕ

to minimize the discrepancy between x[m]
t and the signal re-

covered by ρϕ(xt, c, t). Consequently, the function ρϕ learns
to denoise the non-ROI parts of the ECG signal, which implic-
itly involves learning ‘where’ to place the QRS complexes.
This results in ρϕ capturing the temporal dynamics of the
ECG signal. This disentanglement makes RDDM particu-
larly suitable for PPG-to-ECG translation, which requires
capturing both the spatial and temporal characteristics of
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Algorithm 2: RDDM Sampling

1: xT ∼ N (0, I)
2: for t = T, . . . , 1 do
3: z ∼ N (0, I) if t > 1, else z = 0

4: x[p]
t = ρϕ(xt, c, t)

5: xt−1=
1√
αt

(
x[p]

t − 1−αt√
1−ᾱt

ϵθ(x
[p]
t , c, t)

)
+ σtz

6: end for
7: return x0

ECG signals. The overall training algorithm of RDDM has
been outlined in Algorithm 1.
Sampling algorithm. As outlined in Algorithm 2, RDDM
generates samples by initializing a random signal xT from
a Gaussian distribution and iteratively applying the reverse
process. For each time step t from T to 1, we sample a
latent variable z from a Gaussian distribution if t > 1, oth-
erwise, z = 0. We then obtain the ROI masked signal x[p]

t
as ρϕ(xt, c, t). Finally, we update the signal xt−1 using ϵθ.
The resulting signal x0 is the final output of the sampling al-
gorithm. The forward and reverse processes of our proposed
method are depicted in Figure 1.

4 Experiment Setup
4.1 Implementation Details
Datasets. Following, we present the details of the datasets
that are used in this study.

• WESAD (Schmidt et al. 2018) comprises approximately
24 hours of synchronized Lead-II ECG data (sampled at
700Hz) and PPG data (sampled at 64 Hz) from 15 subjects
with annotations of stress and affect states.

• MIMIC AFib (Bashar et al. 2019) is a subset of the
MIMIC-III waveform database (Johnson et al. 2016) with
binary labels for AFib. It consists of 35 critically ill adults,
out of which 19 suffer from AFib. Both ECG and PPG
signals are sampled at 125 Hz.

• PPG-BP (Liang et al. 2018) consists of 657 pre-windowed
PPG signals from 219 subjects, along with rich metadata
describing the health conditions of each subject. The PPG
was recorded at a sampling rate of 1 kHz. Please note that
unlike the other datasets used in this study, this dataset
only consists of PPG signals and does not contain ECG.

• Cuffless BP (Kachuee et al. 2015) is a dataset derived from
the MIMIC-II waveform database (Saeed et al. 2011). It
consists of thousands of PPG, ECG, and ABP signals
recorded from various hospitals between 2001 and 2008,
sampled at a frequency of 125 Hz.

• CAPNO (Karlen 2021) comprises approximately 5.6
hours of paired Lead-II ECG and PPG signals sampled
at 300 Hz. The data was recorded from 42 subjects under
medical supervision.

• BIDMC (Pimentel et al. 2016) is a dataset collected from
53 ICU patients, consisting of around 7 hours of con-
current Multi-lead ECG (Lead II, V, and AVR) and PPG
signals, both recorded at a frequency of 125 Hz. We utilize
only the Lead-II ECG in our work.

• DALIA (Reiss et al. 2019) is a dataset with approximately
35 hours of synchronized PPG and Lead-II ECG signals,
recorded from 15 subjects performing daily-life activi-
ties like walking and driving. The ECG and PPG were
recorded at sampling rates of 700 and 64 Hz respectively.

To train RDDM, we follow a similar setup to CardioGAN
(Sarkar and Etemad 2021) and create a diverse training set by
combining the paired ECG and PPG signals from WESAD,
DALIA, CAPNO, BIDMC, and MIMIC-AFib. In particular,
we use the data from 80% of the subjects for training and
the remaining 20% of subjects are used for cross-subject
evaluation. Additionally, for CardioBench, we use WESAD,
DALIA, MIMIC AFib, PPG-BP, and Cuffless BP.
Data pre-processing. We follow standard pre-processing
steps for both ECG (Pan and Tompkins 1985; Makowski
et al. 2021) and PPG (Makowski et al. 2021). First, we resam-
ple both signals at 128 Hz. Subsequently, we apply a high-
pass Butterworth filter with a cut-off frequency of 0.5 Hz on
ECG signals. Similarly, a band-pass Butterworth filter with
a cut-off frequency between 0.5 to 8 Hz is applied on PPG
signals. Additionally, subject-specific z-score normalization
is applied to compensate for individual variances. Further,
min-max scaling is applied to re-scale the ECG and PPG
signals between [−1, 1]. Finally, we segment both signals
into 4-second windows which are used for RDDM training.
Network architecture. We adapt the UNet architecture from
(Ho, Jain, and Abbeel 2020; Dhariwal and Nichol 2021)
and modify for 1D signals, which is used as the backbone
for ϵθ and ρϕ modules. Additionally, we replace the default
self-attention blocks with cross-attention modules to better
condition the generated ECG for a given PPG input (Saharia
et al. 2022). We apply cross-attention between ECG at the
previous timestep and input PPG. Diffusion timestep t is
added to each UNet block using Sinusoidal Position Embed-
ding, similar to (Ho, Jain, and Abbeel 2020; Dhariwal and
Nichol 2021; Saharia et al. 2022). The UNet architecture
comprises 6 down-sampling and 6 up-sampling stages. Dur-
ing down-sampling, the number of filters is increased from 64
to 1024, doubling at each stage. Conversely, in up-sampling
stages, the number of filters is decreased from 1024 to 64,
halving at each stage. The final output is obtained from a
single-channel convolutional layer. For a fair comparison, we
also use the same architecture for the baseline DDPMs.
Training setup and hyper-parameters. We train RDDM on
4× NVIDIA A100 GPUs with a batch size of 512. We choose
AdamW (Loshchilov and Hutter 2018) as the optimizer with
a Cosine learning rate scheduler, having a base learning rate
of 10−4 for a total of 500 epochs. We use a fixed linear
variance scheduler with β ∈ (0.0001, 0.2). We empirically
set the sampling steps to 10 and the ROI window size to
Γ = 32 (see related study in Sec. 5.5). The loss coefficients
in Equation 9 are set to λ1 = 100 and λ2 = 1.

4.2 Evaluation
We perform two types of evaluation to ensure a robust as-
sessment of generated ECGs. First, we perform ‘standard’
evaluation to report the error/distance metrics between gener-
ated ECG and ground-truth ECG. Additionally, to understand
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Task Dataset(s) Arch. Input Epochs Optim LR Batch Window Metrics GPUs

HR DALIA &
WESAD - ECG (raw) - - - - 8 sec MAE -

AFib MIMIC-AFib VGG-13 ECG (STFT) 25 AdamW 1e−4 64 4 sec F1, Acc. 2×A100

Stress & Affect WESAD Transformer ECG (raw) 10 AdamW 1e−4 64 60 sec F1, Acc. 2×A100

Diabetes PPG-BP VGG-11 ECG (STFT) 50 AdamW 1e−4 64 2 sec F1, Acc. 2×A100

BP Cuffless BP 1D UNet ECG & PPG (raw) 50 Adam 5e−4 512 10 sec MAE (SBP),
MAE(DBP) 4×A100

Table 1: Implementation details for evaluation on CardioBench.

the utility and predictive power of the generated ECG in
analyzing cardiac activity, we introduce a comprehensive
evaluation benchmark, CardioBench. Following, we provide
the details for both setups.

Standard Evaluation. The generated ECG signals are
evaluated on standard quantitative metrics in a subject-
independent manner. Following CardioGAN (Sarkar and
Etemad 2021), we generate 4-second ECG signals from
RDDM and measure Root Mean Squared Error (RMSE) and
Fréchet Distance (FD) with respect to the original ECG.

CardioBench. To test the utility of the generated ECG in
analyzing cardiac activity, e.g., detecting CVDs, we introduce
CardioBench. CardioBench is designed as a comprehensive
and challenging benchmark aimed at evaluating the generated
ECG signals, with a focus on their ability to facilitate the
detection of a range of heart conditions. Our proposed bench-
mark consists of 5 cardiac-related tasks across 6 datasets:

(1) Heart rate estimation on WESAD (Schmidt et al.
2018) and DALIA (Reiss et al. 2019) datasets: Accurate HR
estimation from synthetic ECG depends on the presence of
R-peaks at the correct temporal locations with consistent
RR intervals. Therefore, HR estimation is included to eval-
uate the temporal fidelity of generative models. In line with
previous literature (Sarkar and Etemad 2021), we perform
HR estimation by calculating Mean Absolute Error (MAE)
in beats per minute (bpm) which measures the difference
between the ground truth HR and the HR estimated from
the generated ECG signals. We use (Hamilton 2002) for HR
estimation from the generated ECG using 8-second windows.

(2) Atrial Fibrillation detection on MIMIC-AFib (Bashar
et al. 2019) dataset: AFib detection in synthetic ECG de-
mands accurate generation of non-periodic irregular rhythms,
absent P waves, variable ventricular rates, possible fibrillatory
waves, and temporally compressed QRS complexes (Burns
and Buttner 2023). This ability serves as a vital measure of
a generative model’s proficiency in capturing both detailed
morphological features and non-periodic temporal dynam-
ics, crucial for AFib detection. We evaluate the binary AFib
classification using 4-second ECG windows. We apply Short-
time Fourier Transform (STFT) on the generated ECG and
use it as input to a standard VGG-13 (Sallem et al. 2020).

(3) Stress and Affect classification on WESAD (Schmidt
et al. 2018) dataset: Stress and affect classification using

generated ECG requires an accurate representation of nu-
anced changes in heart rate variability (Kim et al. 2018),
sympathetic-parasympathetic balance (Tewari et al. 2006),
and emotional state-induced ECG patterns (Sarkar and
Etemad 2020). This capability acts as an indicator of a gen-
erative model’s adeptness at capturing subtle morphological
features and dynamic temporal changes. We perform three-
class classification of neutral, stress, and amusement. We
adopt a Transformer-based classifier (Behinaein et al. 2021)
using a window size of 60 seconds for a fair comparison with
previous methods.

(4) Diabetes detection on PPG-BP (Liang et al. 2018)
dataset: Diabetes detection from synthetic ECG involves ac-
curate capture of the anomalies in the ECG signals induced
by the disease, such as prolonged QT intervals, alterations in
the QRS complex, and changes in the ST-T segment (Veglio,
Chinaglia, and Cavallo-Perin 2004). The ability to generate
these distinguishing spatiotemporal variations serves as a cru-
cial metric for ECG generation. We evaluate the generated
ECG on the binary classification task of Diabetes detection.
We adopt a VGG-11 classifier (Reiss et al. 2019) and apply
STFT on the input. We use 2-second windows as per the
pre-windowed dataset.

(5) Blood Pressure estimation on Cuffless-BP (Kachuee
et al. 2015) dataset: Estimation of BP from synthetic ECG
require an accurate representation of ECG-derived features
like heart rate, P wave, QRS duration, and QT interval, all of
which correlate with blood pressure levels (Peng et al. 2006;
Bird et al. 2020). This serves as a vital test of a generative
model’s capacity to reproduce fine-grained morphological
and dynamic temporal features. We estimate the Systolic
Blood Pressure (SBP) and Diastolic Blood Pressure (DBP),
and evaluate using MAE. We use a simple 1D-UNet (Long
and Wang 2023) as our estimator, and use 10 second windows
following prior methods.
Comparison setup. HR estimation using (Hamilton 2002)
does not require specific training, and generated ECG is used
directly for estimation. The other 4 tasks, however, require
training neural nets. As a result, for AFib detection and Stress
and Affect classification, we train the models using real ECG
and evaluate on both real and generated ECG signals. We
treat performance on the real ECG of the test splits as the
upper bound and compare the performance of the generated
ECG in each specific task. A similar approach is taken for
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Dataset Method RMSE(↓) FD(↓)

WESAD

Sarkar and Etemad 0.37 29.15
DDPM (T = 10) 0.36 30.58
DDPM (T = 25) 0.29 14.50
DDPM (T = 50) 0.26 9.17

RDDM (Ours) 0.21 3.93

CAPNO

Sarkar and Etemad 0.38 31.10
DDPM (T = 10) 0.33 21.56
DDPM (T = 25) 0.28 8.98
DDPM (T = 50) 0.24 5.15

RDDM (Ours) 0.19 2.94

DALIA

Sarkar and Etemad 0.42 27.51
DDPM (T = 10) 0.38 19.58
DDPM (T = 25) 0.32 7.62
DDPM (T = 50) 0.30 5.95

RDDM (Ours) 0.25 5.84

BIDMC

Sarkar and Etemad 0.63 154.64
DDPM (T = 10) 0.37 22.00
DDPM (T = 25) 0.33 10.38
DDPM (T = 50) 0.29 7.35

RDDM (Ours) 0.24 6.72

MIMIC

Sarkar and Etemad 0.54 99.03
DDPM (T = 10) 0.36 20.97
DDPM (T = 25) 0.29 8.75
DDPM (T = 50) 0.27 6.72

RDDM (Ours) 0.22 6.71

Table 2: Quantitative comparison with the state-of-the-art
methods for PPG-to-ECG translation. RDDM consistently
outperforms prior works by a large margin in all the setups.
Moreover, RDDM also outperforms the best DDPM which
uses 50 sampling steps compared to ours using 10.

BP estimation, with the distinction that it is treated as a
multimodal task (Elgendi et al. 2019), for which we use the
PPG and real ECG for training. Finally, to conduct Diabetes
detection, we directly train the classifier on the generated
ECG due to the unavailability of original ECG signals and use
the ECG generated from the test set for testing. We present the
key implementation details for evaluation on CardioBench in
Table 1.

5 Results

5.1 Standard Evaluation

The results presented in Table 2 clearly show that RDDM
surpasses the current state-of-the-art PPG-to-ECG translation
model (Sarkar and Etemad 2021) by a significant margin on
all the datasets. For instance, RDDM improves RMSE from
0.63 to 0.24 on BIDMC. Additionally, RDDM outperforms
the best version of the baseline DDPM by a large margin
even when RDDM uses just 10 sampling steps compared to
the best DDPM that uses 50 sampling steps.

5.2 Evaluation on CardioBench
In this section, we evaluate the ECG generated by our method
(RDDM) on the proposed CardioBench benchmark. For com-
parison, we use the latest baselines from the literature, as
well as DDPM with 50 sampling steps.
HR estimation. Table 3 demonstrates that RDDM outper-
forms prior works and DDPM by achieving a substantially
lower MAE on both datasets. On DALIA, RDDM achieves
state-of-the-art MAE of 4.49 bpm, outperforming the best
PPG-based method (Song, Nam, and Kim 2021) by 1.53
bpm. RDDM demonstrates an improvement of 1.17 bpm
over DDPM. Next, on WESAD, RDDM achieves state-of-
the-art MAE of 1.40 bpm compared to the best PPG-based
method (Reiss et al. 2019), CardioGAN, and DDPM, which
achieve 9.50, 8.60, and 3.22 respectively.
AFib detection. As reported in Table 4, RDDM outperforms
both existing PPG-based methods and DDPM. Specifically,
RDDM achieves F1=0.71 and Acc. = 0.65, demonstrating
improvements of 11% and 22% over DDPM, and approxi-
mately 16% and 4% when compared to the top-performing
PPG-based method (Aliamiri and Shen 2018). Moreover, our
method shows the closest performance to the upper bound,
achieving an F1 of 0.71 vs. the upper bound 0.74.
Stress and Affect classification. As highlighted in Table 5,
our method achieves superior performance compared to prior
methods, with F1 = 0.64 and Acc. = 0.71. Compared to
the best PPG-based method (Schmidt et al. 2018), RDDM
exhibits a boost of 7% in F1 and 6% in Acc. Furthermore,
RDDM also outperforms DDPM which achieves similar per-
formance to (Schmidt et al. 2018). Moreover, our method
shows the closest performance to the upper bound, achieving
an F1 of 0.64, compared to the upper bound F1 of 0.68.
Diabetes detection. As illustrated in Table 6, RDDM sig-
nificantly improves upon existing PPG-based methods and
DDPM in diabetes detection. Notably, our method achieves
an Acc. of 0.80 and an F1 of 0.52, indicating substantial im-
provements of 15% in Acc. and 8% in F1, compared to the
leading PPG-based method (Avram et al. 2020), which regis-
ters an Acc. of 0.65 and an F1 of 0.44. Furthermore, RDDM
outperforms DDPM by an impressive margin of 33% and 9%
in terms of Acc. and F1 respectively. It is notable that despite
the multimodal classifier introduced by Performer (Lan 2023)
being pre-trained on a large corpus, a classifier trained from
scratch only on ECG signals generated by RDDM still out-
performs it, marking an Acc. improvement of 4%. This result
shows the high-fidelity of the ECG generated by RDDM.
BP estimation. As demonstrated in Table 7, RDDM attains
a state-of-the-art performance in BP estimation, achieving
an MAE-SBP of 2.48 and an MAE-DBP of 1.20. Remark-
ably, RDDM makes significant improvements compared to
the best PPG-based method (Vardhan et al. 2021) with a
margin of 2.68 in MAE-SBP and 2.25 in MAE-DBP. This
performance gain supports the notion that the ECG gener-
ated by RDDM provides complementary information learned
through training on a large dataset of PPG-ECG pairs, which
could enhance the performance beyond what is possible with
PPG-only BP estimation methods. Furthermore, RDDM even
outperforms the upper bound by achieving MAE-SBP = 2.48
vs. the upper bound MAE-SBP = 3.31, and performs closely
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Dataset Test modality Estimator MAE(↓)

DALIA

PPG Schäck et al. 20.5
PPG Reiss et al. 11.1
PPG Wójcikowski and Pankiewicz 6.77
PPG Song, Nam, and Kim 6.02
Gen. ECG (Sarkar and Etemad) Hamilton 8.30
Gen. ECG (DDPM) Hamilton 5.66

Gen. ECG (Ours) Hamilton 4.49

WESAD

PPG Schäck et al. 19.90
PPG Reiss et al. 9.50
Gen. ECG (Sarkar and Etemad) Hamilton 8.60
Gen. ECG (DDPM) Hamilton 4.67

Gen. ECG (Ours) Hamilton 1.40

Table 3: Evaluation of HR estimation. RDDM outperforms the prior works by a significant margin.

Input PPG

MIMIC-AFib WESAD CAPNO BIDMC

Original ECG

RDDM (Ours)

DDPM (T=50)

CardioGAN

Figure 2: Qualitative comparison on generated ECG using varying nature of input PPG. RDDM consistently generates ECG that
closely resembles the original ECG, even when the input PPG is noisy (e.g., WESAD), unlike CardioGAN and DDPM.

Test modality Classifier Acc.(↑) F1(↑)
ECG (Upper bound) VGG-13 0.73 0.74

PPG Aliamiri and Shen∗ 0.61 0.55
PPG Shen et al.∗ 0.51 0.47
Gen. ECG (DDPM) VGG-13 0.43 0.60

Gen. ECG (Ours) VGG-13 0.65 0.71

Table 4: Evaluation of AFib detection on MIMIC subset.
RDDM significantly outperforms prior works and reports an
F1 score close to the upper bound. ∗reimplemented by us.

to the upper bound in terms of MAE-DBP. We believe this
improvement over upper-bound is observed as the original
ECG signals were quite noisy. Although DDPM achieves
the lowest MAE-DBP = 0.63, it performs poorly in terms
of estimating SBP, with an MAE-SBP = 5.95. In contrast,
RDDM provides a balanced performance for estimating both
SBP and DBP, demonstrating real-world utility.

Test modality Classifier Acc.(↑) F1(↑)
ECG (Upper bound) Behinaein et al. 0.75 0.68

PPG Schmidt et al. 0.65 0.57
PPG Lisowska et al. 0.58 -
Gen. ECG (DDPM) Behinaein et al. 0.65 0.58

Gen. ECG (Ours) Behinaein et al. 0.71 0.64

Table 5: Evaluation of Stress and Affect detection on WE-
SAD dataset. RDDM not only outperforms prior works, also
achieves a very close performance to the upper bound.

5.3 Qualitative Analysis
In Figure 2, we perform qualitative comparisons between
RDDM with the best DDPM (50 sampling steps) and Cardio-
GAN. Our comparison includes samples from MIMIC-AFib,
WESAD, CAPNO, and BIDMC, covering a diverse set of
PPG inputs of varying natures. The ECG signals generated
by RDDM demonstrate high-fidelity compared to the ground-
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Input PPG

(a) Stress (b) Normal (c) Amusement

Original ECG

RDDM (Ours)

Figure 3: RDDM-generated ECG signals of subjects from the WESAD dataset experiencing different affective states.

Input PPG

Original ECG

RDDM (Ours)

Figure 4: RDDM-generated ECG signals of 3 AFib patients from the test set of MIMIC-AFib dataset.
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Figure 5: The plot illustrates the tradeoff between RMSE and inference time. RDDM demonstrates the best balance across all
datasets, outperforming DDPM with (T= 50) even though the latter is approx. 2.5× slower, highlighting the efficiency and
effectiveness of the proposed method.

Test modality Classifier Acc.(↑) F1(↑)
PPG Avram et al.∗ 0.65 0.44
PPG + Gen. ECG (Lan) Lan∗∗ 0.76 -
Gen. ECG (DDPM) VGG-11 0.47 0.43

Gen. ECG (Ours) VGG-11 0.80 0.52

Table 6: Evaluation of Diabetes detection on PPG-BP dataset.
RDDM outperforms both uni-modal (PPG) and multimodal
(PPG + Gen. ECG) prior works. ∗reimplemented by us.
∗∗uses pre-trained weights.

truth ECG signals, across all datasets. While comparing sam-
ples from MIMIC and BIDMC, generated ECG signals from
CardioGAN and DDPM fail to accurately reproduce the QRS
complex structure and significantly deviate from the original
ECG morphology. Additionally, the generated ECG samples
from DDPM exhibit higher noise as shown in MIMIC. In
stark contrast, RDDM generates ECG signals that are al-
most identical to the ground truth ECG. Furthermore, in case
of noisy PPG input, RDDM maintains temporal fidelity (as
shown in WESAD) and also approximates the fine-grained

structure of the QRS complex with remarkable precision.
In contrast, DDPM and CardioGAN struggle to accurately
generate QRS complex, leading to distorted temporal fidelity
which results in irregular RR intervals. We provide additional
generated ECG samples corresponding to different affective
states in Figure 3 and samples corresponding to AFib patients
in Figure 4.

5.4 Inference Time Comparison

Figure 5 presents an inference time comparison between
RDDM and DDPM variants. We measure the total inference
time required to translate the PPG test set of each dataset
into ECG signals for standard evaluation (i.e., RMSE). We
use a single Nvidia 2080Ti GPU for this experiment. Across
all datasets, RDDM consistently exhibits the best balance
between RMSE and inference time. In contrast, DDPM with
50 sampling steps not only performs worse in RMSE but
is also slower by a factor of approx. 2.5×, highlighting the
superiority of RDDM in both speed and fidelity.
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Test modality Estimator MAE

SBP(↓) DBP(↓)
PPG + ECG (Upper bound) UNet 3.31 0.75

PPG Ibtehaz et al. 5.73 3.45
PPG Vardhan et al. 5.16 2.89
PPG + Gen. ECG (DDPM) UNet 5.95 0.63

PPG + Gen. ECG (Ours) UNet 2.48 1.20

Table 7: Evaluation of BP estimation on Cuffless-BP dataset. RDDM clearly outperforms prior methods, and even shows a lower
MAE-SBP than the upper bound.
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Figure 6: Left: RDDM shows an improvement in perfor-
mance when Γ is increased from 16 to 32, but beyond that,
the performance degrades. Right: On both datasets, RDDM
achieves the best performance in just 10 sampling steps.

5.5 Analysis of RDDM
ROI window size. To find the optimal ROI window size, we
vary the value of Γ between 16 and 64 with a step size of 16
and track their performance on AFib detection. Figure 6 (left)
shows that both extremely small (Γ=16) and large window
(Γ=64) sizes degrade performance as they fail to capture the
ROI accurately. An ROI window size of 32 works best in our
setup, which is used in all the experiments.
Sampling steps. To find the optimal value, we vary the num-
ber of sampling steps from 5 to 25 with a step size of 5 and
evaluate on HR estimation. The results presented in Figure 6
(right) exhibit a similar trend for both WESAD and DALIA.
The performance significantly improves when the number
of sampling steps is increased from 5 to 10. However, the
performance declines when the sampling steps are increased
further. Thus, we set the sampling steps as 10 for RDDM.

6 Conclusion
In this paper, we introduce a novel diffusion model RDDM,
specifically designed for high-fidelity PPG-to-ECG trans-
lation. To the best of our knowledge, RDDM is the first
diffusion model for cross-modal signal-to-signal translation
within the domain of bio-signals. The issue of indiscriminate
noise addition during the forward process limits diffusion
models like DDPMs from capturing both temporal structures

and morphological details. RDDM improves upon them by
introducing a novel ROI-guided forward process and by dis-
entangling the reverse process into 2 distinct components: (i)
capturing the global temporal structure of ECG signals and
(ii) capturing fine-grained local details. This allows RDDM
to generate high-fidelity ECG signals in just 10 sampling
steps. To assess the utility of generated ECG, we introduce
a comprehensive evaluation benchmark CardioBench. Car-
dioBench includes 5 popular cardiac-related tasks: HR and
BP estimation, stress classification, and detection of AFib
and diabetes. RDDM achieves superior performance com-
pared to DDPM and prior works, excelling in both standard
quantitative measures and performance on CardioBench.
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