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Photoplethysmography-based Blood Pressure (BP) estimation is a challenging task, particularly on resource-constrained
wearable devices. However, fully on-board processing is desirable to ensure user data confidentiality. Recent Deep Neural
Networks (DNNs) have achieved high BP estimation accuracy by reconstructing BP waveforms or directly regressing BP values,
but their large memory, computation, and energy requirements hinder deployment on wearables. This work introduces a fully
automated DNN design pipeline that combines hardware-aware Neural Architecture Search, pruning, and Mixed-Precision
Search to generate accurate yet compact BP prediction models optimized for ultra-low-power multi-core Systems-on-Chip
(SoCs). Starting from state-of-the-art baseline models on four public datasets, our optimized networks achieve up to 7.99%
lower error with a 7.5x parameter reduction, or up to 83X fewer parameters with negligible accuracy loss. All models fit within
512 kB of memory on our target SoC (GreenWaves’ GAP8), requiring less than 55 kB and achieving an average inference
latency of 142 ms and energy consumption of 7.25 mJ. Patient-specific fine-tuning further improves accuracy by up to 64%,
enabling fully autonomous, low-cost BP monitoring on wearables.
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1 Introduction

Blood Pressure (BP) is a critical health parameter. It is one of the most significant risk factors for Cardiovascular
Diseases (CVDs) [24], including High Blood Pressure, atrial fibrillation, myocardial infarction, and aortic rupture
[47, 52]. These conditions contribute to a high number of deaths worldwide [32]. Consequently, periodic or
continuous BP monitoring is highly desirable for early diagnosis and prevention [26].

BP monitoring techniques can be broadly classified into two categories: invasive and non-invasive methods
[39, 49, 65]. Among invasive methods, arterial cannulation is the most accurate. This technique, which directly
measures Atrial Blood Pressure (ABP), involves inserting a thin catheter with a cannula directly into an artery.
However, due to the necessity of specialized equipment and trained personnel, it is predominantly used in hospital
settings for precise BP monitoring,.

Among non-invasive methods, cuff-based sphygmomanometers are the most widely used and accurate. These
devices consist of a pressure cuff wrapped around the upper arm, an air pump, and a manometer. By inflating the
cuff to compress the artery and gradually releasing the pressure, BP is measured with high reliability. However,
despite their accuracy and non-invasiveness, cuff-based methods are not suitable for continuous monitoring, as
they require specialized equipment uncomfortable to wear during daily activities and a controlled environment.

A promising alternative that enables both non-invasive and continuous BP monitoring is Photoplethysmog-
raphy (PPG). PPG is an optical technique that measures blood volume changes in the skin using Light-Emitting
Diodes (LEDs) and photodetectors. This method has gained significant popularity due to its integration into
consumer wearable devices such as smartwatches and fitness bands. An LED sensor illuminates the skin, and
a photodiode captures the reflected light, the intensity of which varies according to blood volume fluctuations
caused by heart activity [35].

Other medically relevant parameters can be derived from PPG with high accuracy, such as Heart Rate (HR)
[8, 14] and respiratory rate [9]. However, in this article, we focus on its usage for the estimation of Systolic
Blood Pressure (SBP) and Diastolic Blood Pressure (DBP), which is an actively explored field, with accuracies
not reaching medical grade.

Given the PPG signal, estimating the SBP and DBP is non-trivial. Different techniques have already been
explored, including Machine Learning (ML) methods that rely on hand-crafted features, such as Pulse Transit
Time [51], as well as Deep Learning (DL) approaches that learn directly from raw or minimally processed signals
[18, 22, 42]. Among ML methods, techniques such as a Random Forest (RF) [28] or an ensemble of Support
Vector Regression (SVR) [23] trained with bagging, have been explored. Compared to traditional ML-based
methods, Deep Neural Networks (DNNs) offer the advantage of bypassing the often costly feature extraction
process and have demonstrated superior generalization capabilities for unseen data in biosignal processing tasks
[13, 15, 70]. Different DNN architectures have been investigated for PPG-based BP estimation [4, 18, 22, 30], with
recent research focusing on 1D Convolutional Neural Networks (CNNs) [70].

However, existing DL models for BP estimation have a large number of parameters and high computational
complexity [6, 40, 63]. When pursuing continuous monitoring on resource-constrained, low-power devices such
as wearables, those models either exceed the available memory or incur excessive latency [11]. As a result
commercial wearable BP systems [5] adopt remote processing pipelines, where raw data is collected and processed
on the cloud. This approach is non-real time and raises concerns on data privacy and security [19, 41].

This article, which extends the preliminary work presented in [11], aims at reducing the complexity of DNN-
based methods while maintaining their high accuracy, through the use of a fully automated hardware-aware DNN
compression pipeline. The starting points of our optimization are DNN architectures derived by a previous study
[27], representing the current State-of-the-Art (SotA) for the task. The following are the main contributions of
this work:

— We propose a fully automated DNN optimization toolchain for PPG-based BP estimation: first, we leverage a
gradient-based Neural Architecture Search (NAS) to automatically select DNN layers from a pre-defined
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pool and optimize network depth. Second, we apply structured pruning to eliminate redundant portions
of the convolutional and fully connected layers. Lastly, we apply mixed precision quantization, obtaining
integer deployable models that utilize int2, int4, int8 data types for both weights and activation, further
reducing memory occupation.

—On four different open-source datasets [2, 17, 37, 43], our integrated pipeline produces models with up to
7.99% lower error compared to the best DL SotA with a 7.5X parameter reduction, or with up to 83x fewer
parameters with negligible accuracy loss.

—We deploy Pareto-optimal models, i.e., models that balance model size and estimation error optimally,
among those found with our optimizations on a SotA multi-core RISC-V ultra-low-power System-on-Chip
(SoC), GAPS [62], exploiting an open-source deployment tool, DORY [12]. On the BCG Dataset [17], i.e.,
the one with the most samples per patient among the four considered, all our deployed models occupy less
than 55 kB, while reaching an average latency per inference of 142.14 ms (min: 52.87, max: 241.33) and a
corresponding energy consumption of 7.25 mJ (min: 2.70, max: 12.31).

— As a further experiment, we investigate patient-specific fine-tuning to improve the accuracy of our DNNs.
Using a consistent and leakage-free split strategy, fine-tuning yields accuracy improvements of up to 61.1%
for SBP and 64.27% for DBP. Although the study cohort (n = 40) is smaller than the 85-subject minimum
required by the AAMI protocol [66], a widely used validation standard for BP measurement devices that
prescribes both a minimum cohort size and acceptance thresholds to assess agreement with reference
measurements, our most accurate models satisfy its core accuracy criterion (mean error < 5 mmHg and
STD < 8 mmHg). Notably, the best-performing of the three deployed models achieved a Mean Error of 1.39
mmHg with a STD of 2.36 mmHg on DBP.

2 Background and Related Works

The study of BP monitoring solutions based on wearable devices equipped with PPG sensors has attracted
significant research interest from both academia and industry in recent years.

Figure 1 compares the PPG and ABP waveforms over a single cardiac cycle. In both signals, when the left ventricle
contracts and pumps blood into the arteries (Systole), the waveforms rise and reach the SBP, corresponding to
the maximum arterial pressure. After this push, the aortic valve closes and the heart relaxes; the pressure then
slowly drops as blood keeps flowing through the arteries to the rest of the body. The lowest point before the
next beat is the DBP. A small dip called the dicrotic notch can be observed around the moment the aortic valve
closes, marking the transition from Systole to Diastole. This shared morphology helps explain why PPG can
contain informative cues for BP estimation [48]. However, practical BP estimation from PPG in daily wearable
use remains challenging, because the optical signal is sensitive to various types of artifacts due to noise, changes
at the skin-sensor interface, and so on. [7].

Among the proposed solutions, two main modeling approaches have emerged: signal-to-label models and
signal-to-signal models. The first directly estimates discrete SBP and DBP values from segments of the PPG signal.
In contrast, signal-to-signal models reconstruct the continuous ABP waveform from the PPG signal. The values
of systolic and DBPs are then measured from the peaks and valleys of such a reconstructed signal.

Researchers typically measure BP estimation accuracy using the Mean Absolute Error (MAE) for both SBP
and DBP, calculated as MAEsgp = E(|SBPtye — SBPpreql) and MAEppp = E(|DBP;rye — DBPp,q|) respectively,
where E() represents the average over all predictions in the test set. Recognizing the importance of standardized
validation, the IEEE established guidelines in 2014 for wearable cuff-less BP devices, which mandate reporting
MAE as a key performance metric in validation results [1].

Tables 1 and 2 summarize the major recent approaches for PPG-based BP estimation, focusing on ML and DL
methods. A key difficulty when analyzing SotA methods for this task lies in the fact that many of them use custom
pre-processing and dataset preparation techniques (input filtering, data splitting, etc.), often unrealistic in practice
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Fig. 1. SBP and DBP estimation from PPG (left) and ABP (right) signals.

(e.g., filtering out particularly noisy records without a well-grounded biological “threshold”) or introducing various
degrees of information leakage. This makes a direct numerical comparison between MAE results of little meaning.
Therefore, we categorize related works into two main groups: (i) Custom Pre-processing, which includes works that
employ specific, non-standard data pipelines; and (ii) Benchmark Pre-processing, which includes methods, such
as ours, that follow the standardized and real-world plausible data preparation and splitting protocol proposed
in [27]. The two categories are discussed in Sections 2.1 and 2.2, respectively. Another limitation of most of the
available works is that they do not analyze the performance of their algorithms once deployed on wearable-class
hardware, thus making their real-world usability without cloud support questionable. Some of the few related
works that investigate this aspect are thus discussed in Section 2.3.

2.1 Custom Pre-processing

The authors of [38] addressed BP estimation using the publicly available MIMIC-II dataset [57]. After filtering out
invalid records (e.g., short duration), they retained 3,663 segments from approximately 1,000 unique patients.
Their pre-processing involved wavelet transformation and signal zeroing to mitigate noise and artifacts. The
processed data were evaluated using classical ML models, with AdaBoost achieving the best performance, yielding
MAEs of 5.35 and 11.17 for DBP and SBP, respectively. In 2021, [2] introduced a new dataset composed of
recordings from 1,195 Intensive Care Unit (ICU) patients. Their pre-processing involved filtering techniques
and min-max normalization. The authors proposed a DL architecture consisting of an encoder, a decoder, and
attention modules. The model achieved MAEs of 6.57 (DBP) and 14.39 (SBP). Cheng et al. [18] proposed a novel
neural network architecture inspired by Wave-U-Net [60], which processes the PPG signal along with its first and
second derivatives (VPPG and APPG, respectively). Using the MIMIC-II dataset [57], cleaned by removing short
and unreliable signals, they obtained 277,050 segments from approximately 1,620 patients. The model achieved
MAEs of 3.73 (DBP) and 6.41 (SBP). In 2023, [21] conducted a comprehensive comparison of classical algorithms
(e.g., XGBoost, LightGBM, and CatBoost) and DL models (e.g., Residual U-Net, ResNet-18, and ResNet-LSTM) on
both MIMIC-II and MIMIC-III datasets [34, 57]. Pre-processing varied by dataset: for MIMIC-II, a fourth-order
band-pass filter was applied to the PPG signal, whereas for MIMIC-III, pre-processing involved removing ABP
values smaller than 20 mmHg and higher than 300 mmHg, along with the same band-pass filter. Classical models
outperformed DL methods, with XGBoost achieving the lowest MAEs on MIMIC-III (DBP and SBP), and on
MIMIC-II (DBP), while CatBoost performed best on MIMIC-II (SBP). More recently, [63] proposed the Parallel
Convolution Transformer Network, which integrates convolutional and transformer layers to capture both local
and global signal features. Evaluated on the MIMIC-III dataset, the model outperformed previous methods,
achieving MAEs of 2.36 (DBP) and 4.44 (SBP), setting a new SotA on this dataset. However, this performance
is conditioned by the fact that authors discard low-quality segments, therefore not being in the same testing
condition of competitors.
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Table 1. SotA Table of Methods with Custom Data Pre-processing
| Work [ Dataset [ Architecture [ Pre-processing [ DBP MAE | SBP MAE
Linear Regression Re-sampling 1 kHz, Wavelet 6.74 14.71
Kachuee et al. MIMIC II Decision Tree decomposition, Zeroing [0, 0.25] Hz, 7.75 16.28
(38] SVR Zeroing [250, 500] Hz, Wavelet 5.91 12.26
AdaBoost denoising, Wavelet reconstruction 5.35 11.17
Null data and saturated points
. detection, Butterworth Filter
Aguirre et al. Sensors Encoder, Dec.oder, [0.5, 8] Hz, Min-Max 6.57 14.39
[2] and Attention o
Normalization, band-pass
Butterworth filter [0.5, 45] Hz
Cheng et al. MIMIC-II ABP-Net Remove}l of short and 373 6.41
(18] unreliable signals
XGBoost . . 7.14 16.67
LightGBM Cleaning and removal of dirty 791 16.49
samples, PPG passed through a
CatBoost 7.38 16.43
MIMIC-II - fourth-order Chebyshev II
Residual U-Net band-pass filter from 0.5 to 8.18 19.1
ResNet 18 P o 1Ly ‘ 8.42 19.85
Costa et al. [21] ResNet LSTM 7.96 17.71
osta et al XGBoost 845 16.18
LightGBM Cleaning of missing signals 8.59 16.28
MIMIC-IIT CatBoost and setting of upper and lower 8.60 16.32
Residual U-Net bounds for the ABP (300 and 10.94 18.60
ResNet 18 20 mmHg) 10.38 18.16
ResNet LSTM 10.47 17.56
Parallel Cleaning unpaired PPG and ABP
Tian et al. Convolutional data, removal of data with poor a a
[63] MIMIC-IIT Transformer signal quality, band-pass filter with 2:36 444
Network frequency range of [0.5, 10] Hz

2Low-quality segments discarded and not tested.

However, due to the diversity in data processing and validation methods, comparing these results remains
difficult. Moreover, many of these models are tested on only a single dataset, making their generalizability

questionable.

2.2 Standardized Pre-processing

To address this issue, in 2023, the authors of [27] proposed a standardized pre-processing pipeline for four datasets
(Sensors [2], UCI [37], BCG [17], and PPGBP [43]). This pipeline significantly reduces result variability caused by
data leakage and inconsistent pre -processing. Their methodology includes:

— Alignment of PPG and ABP signals using maximum cross-correlation.

—Segmentation into non-overlapping 5-second windows.

—Removal of distorted ABP segments based on physiological plausibility (e.g., amplitudes between 30 and
220 mmHg, pulse pressure over 10 mmHg, resting HR between 35 and 140 BPM).

—Extraction of SBP and DBP labels from ABP for signal-to-value models via the median of systolic peaks and
cardiac cycle boundaries (refer to Figure 1, right, for a visual representation).

—Removal of distorted PPG segments based on peak/valley STD and baseline correction via cubic spline
interpolation.
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Table 2. SotA Table of Methods with Standardized Pre-processing from [27]

Work [ Dataset [ Architecture [ Pre-processing [ DBP MAE | SBP MAE

Sensors 8.33 17.46
UCI 8.30 16.59
BCG ResNet 7.76 12.20
Gonzalez et al. PPGBP Standard benchmark pre-processing 8.61 13.62
(Benchmark) [27] | Sensors (no fine-tuning) 7.66 15.64
UCIL 7.88 16.93
BCG U-Net 7.98 12.30

PPGBP n/a n/a

Lim et al. PPGBP | Conv-Transformer Standard benchmark pre-processing 0.7 14.82

[44] (no fine-tuning)

Sensors 7.83 17.01
UcCl 7.69 17.09

BCG ResNet 7.50 11.51
. . PPGBP Standard benchmark pre-processing 8.68 13.88
This article, 2025 Sensors (no fine-tuning) 7.51 15.51
UCI 7.81 16.32
BCG U-Net 7.26 11.11

PPGBP n/a® n/a®

The bold numbers represent the most accurate models on the four datasets on both DBP and SBP.
2U-Net, which is a signal-to-signal model, cannot be trained on PPGBP because the dataset just contains the scalar values of SBP and DBP.

In Table 2, we report the results of the two best-performing DL models (on average) from [27], which are those
that we used as input for our optimization pipeline (i.e., ResNet and U-Net). In [44], similarly to [63], the authors
introduced a hybrid architecture combining convolutional and transformer layers designed to extract both local
and global features. They tested their model on PPGBP using the standardized benchmark pipeline. Despite the
innovative architecture, their model underperformed compared to a standard ResNet of [27], achieving MAEs of
9.17 vs. 8.61 (DBP) and 14.82 vs. 13.62 (SBP), respectively.

To ensure fair and reproducible comparisons, our study adopts the standardized benchmark pre-processing
introduced in [27]. This guarantees data leakage-free evaluation across subjects and aligns with best practices in
the field, while providing a robust SotA comparison. In particular, rather than performing standard sample-level
random splits (which could place measurements from the same subject in both training and test partitions), we
enforce subject-wise partitioning so that all samples from a given subject are assigned to a single fold/set.

Even though several works in Table 1 report promising performance (e.g., [63]), we do not include them in
our comparison for two reasons: (i) their custom pre-processing pipelines hinder a fair evaluation; in particular,
the commonly adopted random train/test split can place samples from the same subject in both sets, leading to
overly optimistic metrics; and (ii) they rely on operators that are too computationally demanding to be efficiently
deployed on wearables (e.g., Transformers [64]). In contrast, our pipeline (architecture exploration, structured
pruning, and integer-only quantization) systematically optimizes edge-friendly CNNs using a robust and leakage-
free data pipeline. Within that experimental setup, it not only results in models with a smaller memory footprint
with respect to previous DNN-based solutions, but also superior accuracy.

2.3 Embedded Solutions

While pre-processing and data splitting play a crucial role in ensuring a fair comparison across methods and
measuring accuracy realistically, an equally important requirement for real-world applicability is deployment on
wearable device-class hardware.
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In [68], the authors provide a comprehensive analysis and comparison of approaches for embedded BP
estimation. They review a broad range of deployment platforms, spanning commercial processors (CPUs and
GPUs), general-purpose microcontrollers, and custom hardware solutions such as FPGAs [59] and ASICs [36, 67].
Although FPGA- and ASIC-based implementations can be extremely efficient, we do not consider them in this
study because they are arguably less applicable to real-world products (unless with huge market volumes), due to
their high design costs, especially for ASICs, and limited flexibility. In fact, those approaches usually implement a
fixed algorithm or DNN structure, and require an external host for control, reconfiguration (if any), sensor data
reading and transmission, and so on. In contrast, we focus our analysis on solutions deployed on programmable
embedded devices, describing below some of the most notable previous works. While we also report their MAE
results, besides deployment metrics, we remark that none of them uses the same data splitting and pre-processing
setup of [27], thus error values are not directly comparable with ours.

In [45], the authors propose a simple two-layer ANN that takes the raw PPG waveform as input and directly
estimates BP. The model is deployed on an ultra-low-power EFM32 Leopard Gecko microcontroller (ARM Cortex-
M3, 32-bit). While the reported energy per inference is very low (about 2.1 mJ), the inference latency is still
relatively high (about 42 ms) considering the simplicity of the network. The memory consumption is reported
to be less than 25 kB. On MIMIC-III, they obtained an MAE of 3.42 and 1.92 for SBP and DBP, respectively. In
[54], the authors introduce BP-Net, a neural architecture derived from U-Net [55]. They deploy the model on
a Raspberry Pi 4 with 4 GB of RAM and report an inference time of 42.5 ms, comparable to [45] despite the
substantially more complex architecture and much more capable hardware. Although memory and power are not
reported, a conservative upper bound for the latter can be derived from the platform supply rating (=15 W), which
would result in a very high energy consumption per inference of ~0.64 J. The new architecture was evaluated on
MIMIC-II obtaining an MAE of 5.16 and 2.89 on SBP and DBP, respectively. In [61], the authors evaluate several
deep networks (including a 0.30 MB ResNet) across multiple edge devices, such as the Raspberry Pi 3 Model B
and the ESP32-WROVER-IE. For ResNet on the Raspberry Pi, they report an inference time of 186 ms. Regarding
energy, the same considerations done for the previous paper apply (power values are not reported either). On a
more energy-constrained platform, the ESP32, the inference time increases dramatically to 60.82 seconds, which
effectively rules out real-time use. Evaluated on the MIMIC-1V dataset, their ResNet20 achieved an MAE of around
12.1 and around 5.9 for SBP and DBP, respectively. In [56], the authors deploy a Temporal Convolutional Network
that uses PPG features as input on a Raspberry Pi Zero W. They report an inference time of about 2.5 seconds for a
3-second PPG window. Power and energy metrics are again not reported, while memory is reported to be around
32 kB. On MIMIC-II/I1I, the authors achieved an MAE of 2.38 (SBP) and 1.23 (DBP). Finally, in [69], the authors
deploy a substantially more complex model (Sample Convolution and Interaction Network, and Gated Time
Convolutional Network) on an NVIDIA Jetson Nano. The inference time is around 2 seconds, and no memory
consumption is reported; although power is also not reported, the Jetson Nano is far more power-hungry than
the ultra-low-power embedded targets considered in this work. On the MIMIC-III dataset, they obtained a MAE
of 7.44 (SBP) and 5.70 (DBP).

3 Materials and Methods

The main goal of this article is to define a complete, multi-stage DNN optimization pipeline for PPG-based
BP estimation, targeted at obtaining models that are not only accurate, but also compact, thus amenable for
deployment on wearables. To this end, we extended the open-source DNN optimization library PLiNIO [33],
which offers a user-friendly interface for implementing a variety of model selection and compression algorithms.
While the individual algorithms used in this work were already included in the PLiINIO package, in this work we:
(i) integrated them into a coherent pipeline and (ii) extended them to be applicable onto SotA DNN architectures
for BP estimation, such as U-Net-like autoencoders. This required multiple modifications to the PLiNIO inner
workings and the addition of support for new layer types.
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Fig. 2. Overview of the proposed automated DNN optimization flow. Starting from a dataset and a baseline model, the
pipeline performs NAS, followed by structured pruning and mixed-precision search (quantization). Before deployment,
selected candidate models can optionally undergo patient-specific fine-tuning using data from an individual subject to
further improve accuracy.

Our pipeline, depicted in Figure 2, is composed of three model optimization steps: NAS (SuperNet), structured
pruning (Pruning-In-Time), and Mixed-Precision Search (MPS). We (optionally) apply a subject-specific fine-
tuning step to further improve the accuracy of our optimized models, followed by an automatic Python-to-C
compilation and deployment on the target SoC.

The optimization process takes as input a training dataset, pre-processed and segmented into windows as
described in [27], alongside a seed network. This seed, representing the initial DNN architecture, acts as a template
from which optimized models are derived. We adopt as seeds the two top-performing DNNs identified in [27].
Both are 1D CNNs; however, they differ in their design and target output. The first is a signal-to-value model
inspired by ResNet [53], which directly predicts the average SBP and DBP values within each input window.
The second model follows a U-Net-like [55] signal-to-signal structure, estimating the entire ABP waveform from
which SBP and DBP values are later extracted. For more detailed information on these seed architectures, we
refer the reader to [27].

Importantly, while these models were previously optimized in [27] for maximum predictive accuracy, our work
introduces a new dimension: hardware cost-aware optimization. We demonstrate that this approach enables the
discovery of models with significantly reduced size and computational demands. For each combination of seed
network and dataset, our optimization pipeline follows three core stages, described in the next sections.

3.1 SuperNet NAS

The first step of our pipeline consists of applying a gradient-based NAS, whose working principle, shown in
Figure 3, is inspired by DARTS [46]. Compared to the latter, SuperNet supports hardware-aware optimization, con-
sidering various cost models (e.g., model size, number of operations) and is able to generate multiple architectures,
thereby exploring the accuracy-cost tradeoff more thoroughly. The NAS builds a so-called SuperNet, replacing
every convolutional layer [; in the seed architecture with a set S; of alternative layers I; ;, all of which receive
the same input. Here, i indexes the position of the original layer in the seed network (i.e., the ith convolution
being replaced), while j indexes a specific candidate operation among the alternatives available for that layer
(i.e., the jth option in the set S;). In our work, each standard convolution from the two seeds is replaced with a
set of alternatives chosen specifically to reduce the models’ footprint toward wearable deployment, including:
a standard 1D convolution (C), an identity layer (ID), and a depthwise-separable convolutional module (DW).
The latter is composed of a depthwise layer followed by a pointwise convolution, and it is commonly used in
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Fig. 3. SuperNet-based NAS. From left to right, the figure reports the initial condition of the network (a), the different layer
options (b), the selection process during training (c), and finally the output model (d).

efficient CNN models due to its reduced parameters and FLOPs count w.r.t. standard convolution [29]. The Identity
operation, instead, is added only when the input and output of the original layer have the same shape; it allows
the NAS to skip some convolutions, thus optimizing the network depth. Each alternative /; ; in the set has a
corresponding trainable parameter 0; ;. The output of the set is computed as a weighted sum of the various
alternatives’ outputs, where the weight associated with each alternative /; ; depends on a softmax-ed version of
the corresponding ; ; as depicted in Figure 3(b).

Formally, let S; = {li1,li2,...,lin} be the set of alternative paths replacing a single original layer. Given the

layer’s input Xj, the output Y; of the resulting SuperNet layer is computed as shown in Equation (1):
sl X
Y; = Z 0ij-Yij  with0;; =0;(0;), (1)
j=1
where o() is the softmax operation and Y; ; = [; j(X;) is the output of layer J; ;.

A NAS-optimized architecture is obtained, intuitively, by choosing for each layer a single path, i.e., setting one
of the parameters 6; to 1 and the other to 0. SuperNet uses gradient descent to solve a continuous relaxation of
this assignment problem, jointly optimizing both the weights W and the added 0s in a standard training loop.

This training uses the modified loss function shown in Equation (2), where the standard task loss £, computed
on the model’s prediction and on the ground truth BP values, is augmented by a cost-based regularization term
R. In our case L is the MSE of the SBP and DBP predictions for ResNet, or of the whole reconstructed signal for
U-Net:

L(W,0) = L(W,0) + AR(6). (2)

R, defined in Equation (3), estimates the expected cost of the architecture by weighting the cost of each
alternative layer:
[1S:]

R(0) = Z Z 0;; - Cost(; ). (3)
i j=1

Cost(l; j) represents a pre-defined cost metric (e.g., the number of parameters associated with each alternative),
and A is a hyperparameter that balances accuracy and efficiency. In our setup, we use the parameter count as a
cost metric to favor architectures suitable for deployment on memory-constrained wearable platforms. When
the training is finished, the optimized architecture is obtained, keeping the path associated with the largest 6;,
discarding the others.

Algorithm 1 reports a high-level overview of the Differential NAS (DNAS) training procedure. It is composed
of three phases: the SuperNet is initially pre-trained with all paths equally contributing to the output; then, the
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Algorithm 1: Training-time Optimization Procedure

1: for each I; € SuperNet do

2 for l;; € S; do

3: Add 0;j « 1/|S;|| » Initialization
4  end for

5: end for

Freeze all 0
6: for i« 1,. ..,Epochspt do
7. Update W based on L(W) » Pre-training (phase 1)
8: end for

Unfreeze all 0
9: while not converged do
10:  Update W, 0 based on L(W, 8) + AR(6) » DNAS (phase 2)
11: end while

Extract selected path based on 6
12: for i« 1,...,Epochsft do
13:  Update W based on £(W) » Fine-tuning (phase 3)
14: end for

actual DNAS optimization is started; lastly, the model can be fine-tuned after selecting the best single path. This
general scheme also applies to the following optimizations (pruning and mixed precision quantization), which
similarly employ a gradient-based approach. However, in later pipeline steps some of the phases may become
redundant and can be skipped. For instance, an already fine-tuned model coming from the SuperNet optimization
does not require additional pre-training (phase 1), and can be directly pruned (phase 2). The same happens when
applying MPS to an already optimized network. For further details about the DNAS training procedure and all
other algorithms employed in this work we refer the reader to [33].

3.2 Structured Pruning

Starting from the optimized network architectures found by the NAS, the second optimization step consists
of applying structured pruning to further reduce their parameter count (and indirectly, their computational
complexity) while preserving accuracy.

We employed the Pruning-in-Time (PIT) method from PLiNIO, which prunes convolutional and linear layers
by removing slices of the weight tensors (and corresponding activations) over multiple axes, with the effect of:
(i) reducing the number of output channels/neurons; (ii) reducing the filter size (i.e., the receptive field) or (iii)
increasing the dilation. Thus, this step implements a finer-grain neural network optimization compared to the
NAS, tuning each layer’s geometrical hyperparameters rather than selecting among pre-defined alternatives,
possibly improving the Pareto front found in the previous step. PIT works by adding trainable binary masks to a
model, that selectively eliminate slices of weights and activation tensors. These masks are once again optimized
jointly with the network weights via gradient descent, using the loss formulation of Equation (2). After training,
pruned parts are permanently removed. Figure 4 shows an example of the pruning method when applied to
output channels. As shown, a trainable vector of binary mask parameters 6; is added to each layer, where each 6; ;
determines whether an output channel j is kept (setting 6; ; = 1) or removed (6; ; = 0). The masks are applied to
the weights W; of layer I; as follows:

W) = H(0,) o W,

where H(6;) is the Heaviside step function and o denotes the Hadamard product. Since the Heaviside function is
non-differentiable, the Straight-Through Estimator (STE) is used to allow gradients to flow through 6; during
back-propagation.
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Fig. 4. PIT overview: starting from the initial layer sequence (a), PIT injects a trainable mask tensor 0, to gate slices of the
convolutional kernel W, during training (b), yielding a pruned kernel W, and a reduced layer C2’ in the final network (c). PIT,
Pruning-in-Time.

As anticipated in Section 3.1, PIT’s optimization is carried out following a scheme similar to the one of
Algorithm 1, albeit without the initial pre-training phase. Moreover, PLINIO’s original PIT algorithm had to be
extended to support SotA BP prediction networks. The main changes were required to add support for pruning
some previously unsupported layer types, such as Parametric ReLUs (PReLUs), Instance Normalization, feature
concatenation, and grouped convolutions. In the latter, pruning output channels independently as done normally
by PIT would lead to an irregular result, with different groups including a different number of filters. Such a layer
would be harder to accelerate, and incompatible with standard DNN frameworks (e.g., PyTorch). Therefore, we
added an extra preparation step to ensure that channels are pruned uniformly across groups, by sharing the masks
relative to corresponding channels within different groups (e.g., the first output channels generated by group 1,
group 2, and so on, all share a single 6;).

3.3 Quantization and MPS

After the network architectures have been optimized through NAS and further refined by PIT, the final stage
before deployment is integer quantization. This step further reduces the memory footprint and computational
requirements of the models by representing weights and activations as low-precision integer values, while also
enabling efficient deployment on hardware platforms that do not include a Floating Point Unit (FPU), such
as our target, GAP8 [62], and many other low-power wearable-class devices. PLiNIO supports MPS, which
assigns independent precision levels to weights (W) and activations (X) in Convolutional and Fully Connected
layers. Inspired by [16], this method can be configured to select from a set of pre-defined bit-widths p € P, e.g.,
P={248)}.

MPS uses so-called “fake-quantization” during the training/optimization phase, i.e., it uses floating point values
internally to allow small gradient-based updates, but simulates an affine quantization process by means of scaling,
offsets, and rounding [33]. The non-differentiable rounding function is approximated by means of STE during
back-propagation. More specifically, as shown in Figure 5, the activations X; and the weights W; tensors of each
layer, undergo fake-quantization for all bit-widths in the set P. Then, similarly to the various layer alternatives
in SuperNet, the different quantized variants are linearly combined using trainable parameter vectors 0; ,, (for
weights) and 6; ,, which have a length of ||P|| and are normalized via a SoftMax function (o). The resulting
effective tensor is computed as:

=3 0iep Ty withbip =0p(0irp), @
peEP
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Fig. 5. MPS. The figure shows the selection of the bit-width of each convolutional layer, which leverages a SuperNet-like
approach. Supported bit-width are currently 2, 4, and 8.

where T (and subscript ¢) are used to refer to a generic tensor which could be W (subscript w) or X (subscript x)
and T; , is the p-bit quantized version of T;. A higher value of 0; ; , increases the contribution of the corresponding
bit-width, making T; more closely resemble the p-bit quantized tensor. The effective tensors W and X derived in
this way are then used to compute the layer’s output, e.g.:

Y = Conv(X, W). (5)

A key advantage of this approach is that all fake-quantized versions originate from a single floating-point
tensor, significantly reducing memory overhead during training.

As with other PLINIO methods, this modified DNN is trained in a DNAS-like optimization loop, where both W
and 0 are updated jointly to minimize Equation (2).

In this work, precision search has been applied only to weights, fixing activations to eight bits, because our
main objective was to compress the model weights so that they could fit the target platform (GAP8) on-board
memory. Therefore, the optimization cost term (R) in Equation (2) in this case is set to the total number of bits
required by the network, as a function of each ; ,,.

3.4 Subject-specific Fine-tuning

Several previous studies have shown that, due to physiological differences between subjects, ML models trained
on biosignals for BP estimation may perform better when exposed to data from the test subject during training
[18, 21]. For this reason, it is common practice among commercial devices, especially those used for medical
purposes to perform a calibration or fine-tuning operation tailored for each subject, e.g., using data from a
sphygmomanometer as ground truth, which may be repeated periodically [3].

To this end, subject-specific fine-tuning has been integrated as the final pipeline stage to specifically address
the challenges inherent to PPG-based BP estimation. Specifically, we propose a novel fine-tuning procedure that
follows strict constraints to avoid data leakages. By accommodating individual cardiovascular characteristics, this
fine-tuning procedure enables the resulting models to satisfy the stringent accuracy thresholds mandated for
clinical-grade diagnostic devices.

Namely, let a dataset consist of N patients, each denoted by p; € P, where i = 1,..., N. Each patient p; has
M, samples. In all our experiments, we initially train our models using a five-fold cross-validation strategy,
consistent with the methodology used in [27], where the splitting unit is the patient. In each fold, we generate a
training set Piyain and a test set Prest, such that Prrain U Prest = P and Plrain N Prest = 0. Thus, models at this stage
have not been trained on any sample from the subject under test.
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Table 3. Subject-specific Fine-tuning Protocol

Step Description
1 Train the model on all samples from patients in Pirain.
2 Evaluate on 20% of Piest to obtain baseline accuracy.
3 Fine-tune the model on the remaining samples of Prest.
4 Evaluate again on 20% of Pt to assess the effect of fine-tuning.

When performing experiments that require a direct comparison with solutions trained following the protocol of
[27], we simply evaluate trained models on all M, samples from Pic;. Specifically, |Pirain| = % and |Prest| = %,
supposing a five-fold cross-validation. When assessing the benefits of subject-specific fine-tuning, the model is
first evaluated on a subset of 20% of the test subjects’ samples to establish baseline performance. The remaining
samples are used to fine-tune the model. Then, a final evaluation is again conducted on the same 20% subset,
allowing us to measure the improvement attributable to the fine-tuning step. Table 3 summarizes the steps of the
fine-tuning protocol.

It is worth noting that our optimization pipeline (i.e., NAS, Pruning, Quantization) is applied to the SotA ResNet
and U-Net backbones with the goal of obtaining more accurate and lightweight models that generalize across
every subject, i.e., without requiring calibration. For this reason, the architectural parameters 0 are selected on
a validation set that is strictly disjoint from the subjects in P, ensuring that model selection remains free of
subject-specific leakage. Subject-specific fine-tuning is then studied separately, on a per-subject basis, starting
from the model instances that achieve the best performance under the subject-independent evaluation protocol.
This paradigm ensures that the generated optimized architectures possess sufficient flexibility for subject-specific
fine-tuning on unseen data after they reached good performances across patients, thereby avoiding the risk of
overfitting scarce data from individual subjects. In real-world scenarios, our pipeline enables BP monitoring device
providers to maintain a single high-quality and efficient model that can be fine-tuned on limited user-specific
data without requiring individual alterations to the architecture nor the deployed model code.

3.5 Hardware Target and Deployment

We export our optimized DNNs into a custom ONNX-compatible format, which can be directly processed
by the open-source deployment framework DORY [12] for execution on multi-core RISC-V platforms. DORY
automatically generates highly optimized C inference code, taking care of memory allocation, Direct Memory
Access (DMA) transfer scheduling, and the invocation of optimized Al kernels. To maximize efficiency on our
target platform, DORY applies graph-level optimizations, tiling strategies, and memory management techniques
that exploit the hardware hierarchy, with the goal of minimizing latency and maximizing resource utilization.

For the implementation of DNN layers, we employ two distinct backend libraries of manually optimized DNN
primitives in C for our target: PULP-NN [25] for fully int8 quantized networks (a specific case explored in our
MPS search), and PULP-NN-Mixed [10] for mixed-precision execution. The reason why we consider the full int8
case separately is that this precision is natively supported by the four-way, Multiply and Accumulate (MAC)-
capable Single Instruction Multiple Data Arithmetic Logic Units of our hardware target. Sub-byte operations,
instead, require extra unpacking/packing operations onto/from 8-bit values [10].

Therefore, while MPS models including <8-bit tensors are surely beneficial in terms of memory compression,
latency- and energy-wise their benefit is less certain. Indeed, smaller tensor sizes reduce the cost of memory
transfer operations and allow fitting bigger portions of a layer in faster and closer memories, but this advantage
can be reduced or nullified by the (un)packing overheads. Accordingly, we consider both the case in which MPS
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is allowed to select any precision in P = {2, 4, 8} and the one in which it is constrained to P = {8}, thus becoming
effectively equivalent to a standard Quantization-Aware Training (QAT).

3.5.1 Hardware Platform and Measurements. Our deployment target is the GreenWaves GAP8 SoC [62], a
low-power RISC-V-based multi-core processor specifically designed for edge signal processing. GAP8 features
a cluster of eight general-purpose cores for parallel execution of compute-intensive workloads, a two-level
scratchpad memory with 512 kB of main memory for code and weight storage, and a 64 kB last-level cache with
single-clock access latency for the cluster. Data transfers between memory levels are managed by an integrated
DMA engine.

We use the GAPuino evaluation board as the deployment platform, connected to the Nordic Power Profiler Kit
IT [58] for accurate power and energy measurements. Execution latency is measured through the GAP8 internal
performance counters, while the external profiler provides fine-grained insight into the energy consumption of
the deployed models.

We note that, while GAPS is a highly competitive ultra-low-power processor, featuring dedicated hardware
acceleration capabilities for parallel, data-intensive workloads such as neural network inference, the methodology
described in the previous sections is not tied to this specific target. The generated models are entirely architecture
agnostic and could be easily deployed on alternative embedded architectures, albeit clearly with different results
in terms of latency and energy consumption.

4 Results
4.1  Setup

Some architectural modifications were required to ensure compatibility of our seed DNNs with full-integer
quantization and deployment, necessary to obtain good latency and energy performance on our target: Batch
and Instance Normalization layers were repositioned immediately after convolutional layers, enabling their
parameters to be folded into convolutional weights; similarly, PReLU activations were kept for SuperNet and
PIT, but then replaced with standard ReLUs for the quantization step, to ensure compatibility with DORY [12].
Additionally, zero-padding shortcuts in ResNet-based seeds were replaced with learnable 1 X 1 convolutions with
independent normalization. This increases the number of parameters of the seed but also allows PIT to explore a
larger optimization space.

For the SuperNet NAS, we use two Adam optimizers: one for the network weights ‘W (learning rate 0.001)
and one for the architecture parameters 6 (learning rate 0.01). Network weights were optimized on the training
set, while 6 on the validation set, following the DARTS approach [46]. For each dataset and for both seeds, we
explored 18 values of the regularization parameter A, logarithmically spaced between 107! and 1077, using the
total parameter count as the optimization cost R. NAS training consisted of 20 warm-up epochs, followed by 200
epochs of architecture search and an additional 200 epochs of fine-tuning. Early stopping with a patience of 40
epochs and checkpointing based on the minimum MSE loss were applied throughout.

From the NAS results, we selected for PIT-based structured pruning the models achieving the lowest SBP and
DBP errors, as well as the corresponding seed models, even when they did not attain the lowest SBP/DBP errors.
PIT training followed the same protocol as SuperNet with 200 epochs of pruning optimization, and 200 epochs of
fine-tuning with early stopping. We also explored the same regularization strength values A as for the NAS.

In the final stage, we applied QAT (at fixed int8 precision for both weights and activations) and MPS (assigning
layer-wise weights bit-widths between int2, int4, and int8). As for the previous stage, we took as input both
the seeds and the models with the lowest errors from the combined SuperNet and PIT Pareto fronts. Additionally,
only for the BCG dataset, we also applied QAT/MPS to the Pareto-optimal model with the fewest parameters. The
reason for this difference is that this is the dataset on which we measure deployment results (see Section 4.8),
thus we wanted to also include an example of a much smaller (yet slightly less accurate) model. We applied a
standard min-max affine quantization scheme for weights and signed Parametrized Clipping Activation [20]
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for activations, with 32-bit accumulations and biases, as supported by our target inference library [25]. MPS
training employed the same protocol as the previous stages: a differentiable search phase where ‘W and 6 were
optimized jointly (with 0 annealed via a SoftMax temperature 7 initialized at 5 and decayed by e~%%** per epoch
[50]), and a final fine-tuning phase where 6 was frozen and discrete precision selections were applied. The
parameter 7 controls the smoothness of the sampling distribution. The annealing schedule is designed so that the
bit-width selection parameters sampling increasingly resemble an argmax operation. Such a procedure improves
training stability and prevents degenerative conditions in which the 6 parameters assume uniform values. We
performed nine experiments per seed with logarithmically spaced values of A to balance the tradeoff between
model size and MSE loss. Strong values of A can bring to aggressively quantized networks (i.e., employing many
2-bit and 4-bit weights). The output of such networks is a noisy reconstructed signal, which can hinder the peak
localization algorithm necessary to estimate BP values. To mitigate this problem, a smoothing filter was added to
the final layer before extracting systolic and DBP values from reconstructed arterial waveforms. This fifth-order
Butterworth low-pass filter employs an adaptive cutoff frequency defined as a proportional coefficient of the
absolute magnitude of the input signal. This proportionality coefficient and the filter order were determined based
on empirical validation, selecting the configuration exhibiting maximum reliability across all folds. Importantly,
the subsequent stages of the evaluation pipeline, including the peak-detection algorithm and the outlier-rejection
controls, remained unmodified to ensure a fair and consistent comparison with all previous 32-bit floating-point
models.

It is worth noting that the choice of the models produced by each optimization step, which are used as input
for the subsequent ones, can be considered as an additional degree of freedom. We opted to use the most accurate
points and the seeds, in order to primarily focus on obtaining accurate (yet compressed) DNNs; however, an
alternative selection (e.g., taking multiple Pareto-optimal models from each curve) is also possible, with an obvious
difference in the global optimization time.

4.2 Datasets

We employ the same four datasets used in the most recent and comprehensive benchmarking study on PPG-based
BP estimation [27]. For details on each dataset and descriptive statistics, please refer to the original papers.

4.2.1 Sensors. The Sensors [2] dataset is a subset of the MIMIC-III database, containing records from 1,195 ICU
patients. It includes demographic data along with PPG and ABP waveforms, collected using the Philips CareVue
Clinical Information System and iMDsoft MetaVision ICU [31]. The dataset is the second largest in the set after
UCI, with a total measurement duration of approximately 15 hours. Each record consists of two 15-second signal
segments, spaced 5 minutes apart.

4.2.2 UCI. The UCI [37] dataset, also known as the Cuff-Less Blood Pressure Estimation Dataset, is a subset
of the MIMIC-II Waveform Database. Although MIMIC-II and MIMIC-III originate from the same underlying
measurements, collected under identical conditions, in the same hospitals, and using the same devices, the UCI and
SENSORS datasets are distinct and should not share records. However, UCI does not include subject information,
making it impossible to check for data leakage across subjects. Nevertheless, as the largest among the four, it is of
particular interest for DL methods.

4.2.3 BCG. The BCG [17] dataset is a bed-based ballistocardiography dataset collected from 40 patients, four
of whom had preexisting heart conditions, while the rest were healthy. Data collection was conducted under
Kansas State University IRB protocol #9386, using the Finapres Medical Systems Finometer PRO for continuous
brachial BP measurement and the GE Datex CardioCap 5 for PPG. The dataset is resampled from 1,000 Hz to
125 Hz, and BP signals are rescaled by a factor of 100 mmHg/Volt. With a total of approximately 4 hours of
recorded measurements, BCG is smaller than the UCI and SENSORS datasets. However, it has a notably high
ratio of segments per subject, though its limited number of participants results in lower overall data variability.
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Fig. 6. NAS results on all datasets on DBP (top row) and SBP prediction (bottom row).

4.2.4 PPGBP. PPGBP [43] dataset is the smallest among the four, totaling less than an hour of recordings.
However, it includes 219 subjects, all with various CVDs such as hypertension and diabetes. BP measurements
were taken using the Omron HEM-7201 device, providing only SBP and DBP discrete values. Following a 10-minute
rest period, each subject underwent a single BP measurement, followed by three 2.1-second PPG recordings using
the SEP9AF-2 device. The original 1,000 Hz signals were resampled to 125 Hz. With only three segments per
subject, PPGBP has a notably low segment-to-subject ratio but exhibits high data variability relative to its small
size.

4.3  NAS Pareto Analysis

Figure 6 depicts the results of NAS on all four datasets for both DBP and SBP prediction models. All results
are reported in a MAE vs. model size (number of parameters) plane. Red and green diamonds correspond to
seed DNNs (ResNet and U-Net from [27], respectively). Correspondingly colored circles and squares are the
Pareto-optimal architectures found with NAS (the non-Pareto-optimal ones are omitted for visual clarity).

All results at this stage use floating-point weights and activations. While all our models simultaneously predict
DBP and SBP, we report separate Pareto fronts for the two quantities for easier visualization.

On all datasets, we obtain models that either dominate the seeds or are on the memory vs. error Pareto front.
Namely, on PPGBP, we obtain a rich curve of Pareto architectures starting from the ResNet. We are able to reduce
the seed size by 1.19X%, with a small increase in the MAE of only 3.9% and 3.5% on DBP and SBP prediction,
respectively. As mentioned earlier, U-Net-derived models are not applied to this dataset, since the full BP signal
ground truth is not available.

On BCG, we Pareto-dominate both seed networks, improving both MAE and size. Our most accurate U-Net-
derived model obtains 11.139 mmHg MAE on SBP prediction and 7.52 mmHg MAE on DBP, being 6.7%/4.7%
better than the best seed (ResNet). Simultaneously, this network reduces the total number of parameters by 3.8x.

Similarly, on the two largest datasets, thanks to our NAS, we are again able to obtain Pareto-dominant solutions.
On Sensors, our U-Net-derived architectures reduce the size of the most accurate seed (U-Net) by 2.5%, while
achieving a similar or lower MAE of 7.51 mmHg/15.51 mmHg on DBP/SBP, respectively. The situation reverses in
UCI, where ResNet-derived DNNs achieve the best performance. The most accurate NAS output networks require
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Fig. 7. Pruning results on all datasets on DBP (top row) and SBP (bottom row) prediction. Black circles are PIT seeds, red
circles are the models discussed in Section 4.4.

only 149.8k/156.3k parameters to achieve a close-to-optimal MAE of 16.65 mmHg on SBP estimation, and the
lowest overall MAE (7.86 mmHg) on DBP estimation. While the seed ResNet is able to achieve an even lower
MAE on SBP, with its 792k parameters, it would be impossible to deploy on GAP8’s internal memory of 512 KB,
even when quantized.

Interestingly, on BCG and Sensors, U-Net-based architectures outperform ResNets. We attribute this behavior
to the ability of this network topology to learn faster from a lower amount of data, thanks to the richer training
signal provided by the full-time series reconstruction task.

Lastly, we note that, already after the NAS stage, most of the obtained models have memory footprints
compatible with the constraints of our target platform (512 kB on-chip memory) [62]. As mentioned, this is the
primary goal to ensure deployability. However, the following sections demonstrate how the combined application
of pruning and quantization further improves the Pareto front, yielding smaller models of similar accuracy, which
would not only fit in even tighter memory constraints, but also execute faster and more efficiently, thanks to the
reduced data movement and FLOPs, and to the integer data format better suited to the FPU-less GAPS.

4.4 Pruning Pareto Analysis

Figure 7 shows that structured pruning further improves the Pareto front on all datasets, and generates new
most-accurate models on two of them. Starting from the previously obtained NAS Pareto front, we apply PIT
to the black circled models. Figure 7 includes all points already shown in Figure 6 (the seeds in red and green
and the NAS Pareto-front in gray). Additionally, if Pareto-optimal, it also includes (in yellow and blue) the new
results obtained by PIT. As before, intermediate (non-Pareto-optimal) pruning candidates are omitted for clarity.
The models circled in red are the ones that will be discussed in detail in this section.

On PPGBP, PIT generates a new Pareto-optimal model starting from the seed ResNet. Notably, the latter still
achieves the lowest MAE (8.61 mmHg vs. 8.68 mmHg), but at the cost of a 2.1x larger memory footprint with
respect to the pruned model, outlined in red in the top-left chart of Figure 7.

On BCG, the new PIT models dominate all previous results, completely redefining the Pareto front. The most
accurate models (red circles) achieve a 7.99% and 7.01% decrease in DBP and SBP MAE, respectively, with a 7.5x
and 8.4x reduction in the number of parameters compared to the ResNet seed. Alternatively, a 30.3x (13.3X)
decrease in model size is achieved while still improving the SBP (DBP) MAE by 1.31% (1.77%).
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Fig. 8. Results of MPS on all datasets on DBP (top row) and SBP (bottom row) prediction. Black circles are MPS seeds, red
circles are the models discussed in Section 4.5.

On Sensors, PIT created several models with drastically reduced memory footprint but also slightly larger
errors. Namely, the most accurate PIT results, circled in red achieved an 88.3x (70.9X) parameters reduction with
an increase in SBP (DBP) MAE of 1.73% (1.47%) compared to the ResNet seed and 14.53% (12.6%) with respect to
the best NAS output.

On UCI, the biggest and most complex dataset, PIT achieved good accuracy, completely redefining the Pareto
front and generating new most accurate models on both SBP and DBP. The most accurate PIT model marked in
red in the lower rightmost square, derived from U-Net, achieved a 1.59% error reduction with 149x fewer weights
on SBP compared to the previously most accurate ResNet seed. Similarly, on DBP, the most accurate PIT model (a
ResNet) achieves a 2.3% error reduction with 94X fewer parameters compared to the most accurate NAS output.

4.5 Quantization and MPS Pareto Analysis

Figure 8 shows how the Pareto front further changes when applying the last step of our optimization chain,
i.e., QAT/MPS. In this case, gray points represent the combined Pareto front of the NAS and pruning phases. As
before, QAT/MPS have been applied to the models circled in black. Those circled in red, instead, are the ones
discussed in the rest of this section in detail. For clearer visualization of the new results, some of the least accurate
models generated by the previous steps (NAS and pruning) have been omitted from the figure. The x-axis reports
the total number of bits required by each model instead of the number of parameters, to meaningfully compare
networks using different data precision. Quantization further advances the Pareto Front, creating models with
slightly higher errors but a way smaller memory footprint.

On PPGBP, the most accurate quantized models show a 6.18% and 8.25% higher errors for DBP and SBP, respec-
tively, but requires 9.99x less memory bits, compared to the original ResNet. MPS models improve significantly
the left part of the Pareto front, yielding better accuracies compared to previous NAS+pruning outputs of similar
size. On BCG, our quantization algorithms were applied to U-Net models already optimized with both NAS and
pruning. The most accurate DBP model, red-circled in the second top square of Figure 8, obtains a 6.2X parameter
reduction at the cost of a 6.95% higher error compared to the most accurate previous network. Most notably,
on SBP, MPS yields a model with both 0.39% lower error and a 7.5X smaller footprint than previous results. The
lower error is probably due to the regularization effect of quantization on such a small architecture.

On SENSORS, two U-Nets generated by NAS and one generated by PIT underwent quantization. The most
accurate results were obtained by 8-bit models (the black squares circled in red in the SENSORS plots), e.g., 5.2%
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Fig. 9. MAE comparison pre- and post-fine-tuning, without data shuffling, using 80% of the samples as a training set and
20% test set (left), or 20% as training set and 20% as a test set (right).

Fig. 10. MAE comparison pre- and post-fine-tuning, with data shuffling, using 80% of the samples as a training set and 20%
test set (left), or 20% as training set and 20% as test set (right).

and 2.13% higher DBP and SBP MAE, respectively, in exchange for a 4x memory reduction compared to the
previous best model.

On the biggest dataset, UCL, we quantized both ResNet and U-Net-based architectures, already optimized by
the previous algorithms. The most accurate quantized model for DBP prediction is an 8-bit precision ResNet
(red-circled green dot), which is 5.37x smaller and achieves a 2.52% higher error, compared to the most accurate
model overall. With regard to SBP, instead, the most accurate model is U-Net-based, 8-bit quantized, and reaches
a 2.1% higher MAE than the best float solution, while requiring 4.44x fewer bits.

In conclusion, although the quantized models expectedly did not achieve substantially lower errors compared
to floating point models, they provide significant memory reductions, and consequently energy savings once
deployed, often with a negligible compromise in accuracy.

4.6 Subject-specific Fine-tuning

The key dataset requirements to assess the benefits of subject-specific fine-tuning are the availability of subject-
level annotations and a sufficiently large number of samples per patient to enable both fine-tuning and evaluation.
Based on this observation, we perform our fine-tuning experiments on BCG, since UCI does not provide subject
identity metadata, and PPGBP and Sensors have only three and nine samples per subject, respectively (versus
approximately 75 in BCG).

We selected three quantized models optimized by our cross-subject pipeline (see previous sections), namely the
best performing quantized models for SBP and DBP prediction, and the one with the least number of parameters.
Figures 9 and 10 show the MAE distribution before and after fine-tuning for one of these models (the one with
the lowest DBP error). The other configurations show similar results, and their global MAE improvements after
fine-tuning are reported in Table 5. Each dot in the graphs represents the MAE on one subject, while bars are the
global averages. The difference between the two graphs is that Figure 9 uses a contiguous chunk of the samples as a
fine-tuning set (i.e., without shuffling Py.s;). We keep samples in order to maximize fairness, under the assumption
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that samples are temporally ordered in the dataset. Therefore, this split mechanism corresponds to evaluating
the fine-tuned model at a separate time with respect to its training. However, since the temporal ordering of
samples is not clearly specified in the BCG metadata, we also experiment with shuffling Pys; (Figure 10). In both
figures, the leftmost graph refers to a setup that uses the entire set of samples for the subject under consideration,
splitting them into 80% for training and 20% for testing (either temporally, in Figure 9, or randomly, in Figure 10).
Additionally, to assess the effectiveness of fine-tuning in a small-data setup, we repeat the experiment keeping
the same test samples, but reducing the training set to a (disjoint) set of the same size, i.e., 20% of the total,
corresponding to 15 samples per subject on average. This experiment is useful to validate whether models could
be effectively personalized through a reasonably short calibration session.

In all four cases, fine-tuning demonstrates a pronounced positive effect on accuracy, providing a consistent
reduction in MAE for both SBP and DBP. As expected, the lowest error is achieved when fine-tuning on the
whole 80% training set, both with and without shuffling. Compared to the baseline, fine-tuning without shuffling
reduces the MAE by 50% for SBP and by 58.9% for DBP. More specifically, the MAE reduces for 36 out of the 40
subjects in both SBP and DBP. For the latter, the 36 improving subjects show an average MAE reduction of 5.51
mmHg, whereas the remaining four experience an average increase of just 1.16 mmHg. Similarly, for SBP, the
average MAE improvement is 8.10 mmHg, while the average degradation is just 0.62 mmHg. Shuffling data prior
to fine-tuning results in even greater improvements, with global MAE reductions of 61.01% for SBP and 64.27%
for DBP.

Additionally, the right side of the two figures shows that even fine-tuning on a much smaller dataset yields
consistent improvements. The SBP (DBP) MAE is reduced by 37.6% (53.6%) in the no-shuffling case, and by 58.7%
(63.1%) in the shuffling case. This demonstrates that competitive performance can be achieved even in tightly
data-constrained fine-tuning setups.

Lastly, we note that no statistically significant difference was observed in the performance gains achieved
through fine-tuning between the cohort of 36 healthy patients and the subset of four patients with CVDs within
the BCG dataset.

These findings support the importance of subject-specific fine-tuning in improving BP prediction accuracy.

4.7 Comparison with the SotA

Table 4 compares the results of our best performing models, without per-subject fine-tuning, against the best-
performing solutions (either classical models or DNNs) from the SotA, limited to those using the standardized
pre-processing introduced in [27] for fairness of comparison.

Results show that, on three out of four datasets, our automated DNN optimization pipeline yields a model with
lower error than the SotA. The only exception is PPGBP, where classical ML models (SVR and RF) outperform our
optimized DNNs in both performance and size. Namely, the most accurate of the two, i.e., the SVR, achieves an
MAE of 8.04 mmHg and 13.15 mmHg in DBP and SBP estimation, respectively. In comparison, our most accurate
DNN s obtain 8.61 and 13.40, i.e., a 7% and 2% increase. The SVRs are also more parameter-efficient, being 2.42X
(2.93%) smaller than our most accurate DNNs for SBP (DBP). We impute this result to the small size of this dataset,
which favors classical models over DNNs.

On BCG, classical models remain competitive, although our DNNs obtain slightly lower error, namely 3.7%
(1.1%) for SBP (DBP), at the cost of a significant size increase for SBP (5.44X) and a moderate one for DBP (1.16X).
However, it shall be remarked that [27] trains separate SVR and RF models for SBP and DBP prediction. Therefore,
when considering a full ABP monitoring system that predicts both values, those approaches would require two
separate models, which makes our DNNs both more accurate and more compact, as detailed in Section 4.8.
Additionally, compared to the best performing DNNs for SBP (V-Net), our model achieves a slight accuracy
improvement, with a huge parameter reduction of 7.5x.
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Table 4. Comparison with SotA Methods from [27]

and [44]
SBP DBP
Model MAE Params MAE Params
(mmHg)  (#) | (mmHg)  (#)
PPGBP
RF 13.17 20.3k 8.12 20.4k
SVR 13.15 29.0k 8.04 16.9k
Conv-Transformer [44] 14.82 - 9.17 -
Ours 13.40 49.3k 8.61 49.3k
BCG
RF 12.88 0.21k 7.89 85.3k
SVR 11.45 10.7k 7.34 55.9k
V-Net 11.42 491k 8.01 491k
Ours 11.07 58.2k 7.26 64.8k
Sensors
RF 15.86 64.0k 7.66 171k
SVR 15.60 775k 7.50 416k
PPGBIABP 16.45 92.5M 7.99 92.5M
Ours 15.51 56.8k 7.50 41.2k
UCI
RF 16.85 21.3k 8.25 4.26k
SVR 17.45 18.5M 8.07 4.54M
PPGBIABP 17.06 296k 8.07 296k
Ours 16.32 5.32k 7.69 8.43k

The bold numbers represent the most accurate models on the four datasets on
both DBP and SBP.

On Sensors, classical ML methods, that were shown to outperform the original U-Net and ResNet seeds in
[27], are instead surpassed by our NAS-optimized DNNs. Namely, SVRs, which achieved the best results on
both metrics, are now matched by our U-Net NAS models in terms of error (0.6% lower for SBP and similar for
DBP), while our models also require 13.7x (10.1x) fewer parameters. Comparing our best model with one of the
best DNNs (excluding ResNet and U-Net, which were previously considered), PPGBIAP, we can improve the
performance in both metrics with an impressive 2,250X parameter reduction.

Lastly, on UC], the dataset with the largest number of samples, our models strongly outperform both the SotA
DNNs and classic methods, achieving 6.5% (4.7%) lower MAE on SBP (DBP) and reducing the required number
of parameters by a striking 3,500x (540X). In fact, the higher complexity of this dataset causes the number of
parameters of both the SVR (with RBF kernel) and the RF to increase exponentially, further advocating for a
DNN-based approach.

4.8 Network Deployment

Figure 8 shows that Pareto-optimal (quantized) models for all datasets have a limited memory footprint, lower than
the 512 kB available on-board our target platform (GAP8). Notably, this means that all of them could theoretically
be deployed.

However, in this section, we focus on deployment results for models trained on BCG, i.e., the same dataset
on which we experimented with subject-specific fine-tuning (see Section 4.6). Namely, we deploy three neural
networks optimized with our proposed pipeline, as well as three models from the SotA [27]. We select the
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Table 5. Deployment Results on GAP8

Network MACs (M) Cycles MACs/Cycles DBP MAE SBP MAE  Latency (ms) Energy (mJ) Memory (KByte)
RF (DBP + SBP) n.a. 366.6k + 1.2M n.a. 7.89 12.88 3.7 +12.2 0.19 + 0.62 85.3 +0.21
SVR (DBP + SBP) n.a. 764.6k + 1.4M n.a. 7.34 11.45 7.64 +13.89  0.39+0.71 55.9 +10.7
VNet 64.4 6.7M 9.55 8.01 11.42 67.49 3.44 491

Best DBP 47.09 13.2M 3.56 751 (2.68)" 11.31 (4.62) 132.24 6.74 54.35

Best SBP 48.59 24.1M 2.01 8.28 (2.80)* 11.06 (4.70)* 241.33 12.31 30.26

Best Params 11.61 53M 2.20 932 (7.72)* 12.25 (11.06)* 52.87 270 2.15

#Values in parentheses come from fine-tuning and are computed on a slightly different set of data. For further details on the fine-tuning
protocol, please refer to Section 3.4.
The bold numbers represent the most accurate models on the BCG dataset on both DBP and SBP.

same (best) baselines reported in Table 4 for BCG, which include two classic ML algorithms, an RF and an
SVR, and a signal-to-signal VNet DNN. For what concerns our results, we select the two models with the
lowest SBP and DBP MAE (among quantized ones) and, in addition to that, the smallest Pareto-optimal model
overall.

Table 5 reports the inference costs of these models, in particular: the memory footprint, the total number of
MAC operations, and the latency and energy consumption per input window. Results refer to GAP8 operating at
100 MHz. Latency values are read from performance counters, while energy is estimated considering an average
active power consumption of 51 mW. We also report the DBP and SBP MAEs before and after subject-specific
fine-tuning. It’s worth noting how the best SBP model before fine-tuning has a slightly higher SBP MAE than the
best DBP model (4.70 against 4.62). That could be explained by the smaller size of the former, which makes it
less capable of improvement with subject-specific fine-tuning. The “Best SBP” model is also a mixed precision
one, while “Best DBP” uses all 8-bit weights, which explains why it is faster to execute despite a larger memory
occupation.

As anticipated in Section 4.7, classical models (SVR and RF) are separately trained for SBP and DBP prediction.
Thus, a complete ABP monitoring system based on these approaches would require the deployment of two
separate models. Accordingly, we report in Table 5 the memory, energy, and latency results for both sub-models,
which must be summed to obtain the totals (assuming sequential execution). Conversely, the VNet, like our
models, can be used to predict both SBP and DBP.

The results show that our optimized models outperform all baselines in terms of memory occupation versus
accuracy tradeoff. Even the largest one occupies merely 54.4 kB, and the smallest one remarkably only requires
2.15 kB of memory, while still achieving decent MAE results of 9.32 (7.72) for DBP and 12.25 (11.06) for SBP before
and after fine-tuning. In comparison, the RF and SVR require a total of 66.6 kB and 85.5 kB, respectively. The
VNet requires even more space (491 kB), exceeding the GAP8 L2’s 512 kB (which also contains code segments,
temporary data, etc.), and requiring the use of external memory, connected via SPI, for storing weights.

In terms of latency and energy consumption, classic ML models are superior to DNNS, as expected, given the
nature and number of the involved operations per prediction (e.g., the RF is approximately 3.35x faster and more
efficient than our smallest DNN). Our results are instead comparable to those of VNet, which achieves slightly
lower latency with respect to our most accurate models thanks to the usage of normal convolutions, as opposed
to harder to accelerate (but more parameter-efficient) depthwise layers. Importantly, however, all our models
largely meet real-time performance constraints, as the inference latency ranges between 52.87 and 241.33 ms,
thus being significantly lower than the time duration of a BCG input window; i.e., 5 seconds.

While not more efficient than all baselines, our networks still allow days of continuous monitoring on a
wearable without recharging. In fact, considering their consumption, which ranges between 12.31 and 2.7 m]J per
inference, and assuming a typical wearable battery with 500 mAh capacity @3.7V, our models would allow roughly
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Fig. 11. Visualization of the choices made by the pipeline during the optimization of the “Best Params” deployed model.

Fig. 12. Visualization of the choices made by the pipeline during the optimization of the “Best SBP” deployed model.

between 500k and 2.5M inferences on a single charge, translating to 30 and 150 days of continuous monitoring.
These simple calculations only consider processing energy, which is clearly an approximation. However, note
that our DNN’s energy consumption results are lower than those reported in [15] where a full-system analysis is
performed for a similar PPG-based application.

4.9 Architectural Analysis

Figures 11 and 12 provide a layer-wise view of two of the three deployed models, Best Params and Best SBP from
Table 5. We omit Best DBP since it is a fully-8-bit DNN, thus not allowing an analysis of the MPS results. In each
plot, every bar corresponds to one network layer: the color encodes the operator selected by SuperNet, the height
indicates the fraction of channels retained after PIT pruning, and the hatching denotes the weight bit-width
assigned by MPS. Across both deployed networks, SuperNet shows a strong preference for depthwise-separable
convolutions, suggesting that this operator is particularly well matched to PPG processing within our search-space
constraints, while not being present in the baseline architectures. Moreover, several layers near the input and
output are replaced by identity mappings (i.e., fully bypassed), indicating that a shallower encoder/decoder is
sufficient to capture and reconstruct the relevant information from PPG signals, and that additional depth in
these regions would be largely redundant. The pruning behavior learned by PIT differs markedly between the
two deployments, consistently reflecting the cost term controlled by A. In Best Params (Figure 11), optimized with
a larger A to emphasize efficiency, PIT performs substantial channel reduction across most layers. In contrast,
Best SBP (Figure 12), optimized to prioritize estimation accuracy, retains a considerably larger portion of channels
overall. Beyond this global tradeoff, the pruning decisions reveal a consistent layer-wise pattern in both models:
intermediate layers are pruned more aggressively, whereas early and late layers preserve higher channel counts.
This suggests that (i) early layers are more critical for robust feature extraction from raw PPG and (ii) later layers
are more sensitive due to their role in reconstruction/prediction, while mid-network representations contain
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more removable redundancy. Finally, MPS assigns mixed-precision in a largely even manner across layers, while
still differentiating the two operating points. The Best Params model is dominated by 2-bit weight assignments,
enabling more extreme compression under the efficiency-driven objective. Conversely, the Best SBP model uses
4-bit precision in several layers, preserving accuracy while still providing significant quantization benefits.

5 Conclusion

Continuous BP monitoring is crucial for the early detection and prevention of CVDs. While most research in
this field has focused on maximizing monitoring accuracy, an equally important but often overlooked aspect is
the ability to deploy these models on ultra-low-power SoCs suitable for wearable applications, thus enabling
low-cost continuous monitoring. In this work, we presented a fully automated pipeline for the optimization
of DNNs for PPG-based BP prediction consisting of chained NAS, pruning, and mixed-precision-search steps.
Each stage contributes to improving either the accuracy or the efficiency of the models, thus moving the Pareto
front between performance and resource usage. From this process, we selected a subset of optimized models
for deployment on the GAP8 ultra-low-power SoC, and evaluated them in terms of inference latency, energy
consumption, and memory footprint, showing that our models enable multiple weeks of real-time continuous
monitoring on battery-powered wearables. Additionally, we investigated patient-specific fine-tuning, an approach
increasingly adopted by companies developing wearable devices, to further enhance model accuracy for individual
users. Future work will explore adaptive on-device learning and multi-sensor data fusion to further improve
long-term personalization and robustness in dynamic real-world conditions, for example, by tackling motion
artifacts.
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