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Abstract—This paper presents an automatic method for the
design of Neural Networks (NNs) at the edge, enabling Machine
Learning (ML) access even in privacy-sensitive Internet of Things
(IoT) applications. The proposed method runs on IoT gateways
and designs NNs for connected sensor nodes without sharing the
collected data outside the local network, keeping the data in the
site of collection. This approach has the potential to enable ML
for Healthcare Internet of Things (HIoT) and Industrial Internet
of Things (IIoT), designing hardware-friendly and custom NNs
at the edge for personalized healthcare and advanced industrial
services such as quality control, predictive maintenance, or fault
diagnosis. By preventing data from being disclosed to cloud
services, this method safeguards sensitive information, including
industrial secrets and personal data. The outcomes of a thorough
experimental session confirm that –on the Visual Wake Words
dataset– the proposed approach can achieve state-of-the-art
results by exploiting a search procedure that runs in less than
10 hours on the Raspberry Pi Zero 2.

Index Terms—Neural Architecture Search, Edge AI, Health-
care Internet of Things, Industrial Internet of Things.

I. INTRODUCTION

Neural Networks (NNs) are widely used in Internet of
Things (IoT) applications [1]. In this context, often the data
collected by the available sensors are added to the training set
with the purpose of improving generalization performances.
On the other hand, in some cases, the data can be sensitive;
healthcare data [2], industrial data [3] and biometric data [4]
provide possible examples. Privacy concerns prevent some
entities from accessing the benefits of machine learning (ML),
as they may be unable or unwilling to share their data with
cloud services that can train or even automatically design a
custom neural network (NN) [5].

To overcome this problem and make NNs available even
in privacy-sensitive applications, we provide a method to
automatically design NNs for sensor nodes on IoT gateways
using locally collected data. This in turn means that the
whole process can be completed without any access to cloud
services, therefore maintaining data privacy. In the case of
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Fig. 1: Automatic designing of neural architectures at the
edge, running HW-NAS on an IoT gateway, using the locally
collected data.

Healthcare Internet of Things (HIoT), this approach can be
used to provide personalized healthcare services with cus-
tomized and hardware-friendly NNs for each patient [6], [7].
Industrial Internet of Things (IIoT) can also benefit from this
approach. For example, one can provide hardware-friendly
and customized NNs for intelligent fault diagnosis (IFD) of
production machinery or quality control, without facing the
risk of data leakage that could reveal industrial secrets [8].

A synopsis of the proposed scenario is provided in Fig. 1.
First, the data collected by the sensor nodes are aggregated
by the local gateway; then, the gateway adopts the proposed
method to design a custom NN for each connected sensor
node, as, in general, each node may differ from the other in
terms of hardware resources. Finally, the designed NNs are
deployed on the sensor nodes. The whole process can be com-
pleted without transferring data to any cloud infrastructure,
thus preserving data privacy.

The proposed method exploits Hardware-Aware Neural Ar-
chitecture Search (HW-NAS) to automatically design NNs
for sensor nodes; such an approach is becoming popular in
IoT applications [9]–[11]. Still, this work addresses a critical
issue: the computational cost of the search procedure. The
general goal of state-of-the-art HW-NAS is to generate NNs
that fit the resources available on the hardware that will run
the inference process. However, the resources available on
the platform that runs the search procedure itself are usually
considered unconstrained [12]. The latter assumption becomes
critical when working with constrained devices such as IoT
gateways [13], [14]. If one wants to avoid any data transfer
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to computing resources that are external to the IoT network,
then the search procedure should be designed to run on the
available IoT gateway.

The key challenges that arise when running HW-NAS on
edge platforms are a) dealing with the low computational
capabilities and b) dealing with the low memory availability
of these devices. To address these challenges, we adopt a
derivative-free search strategy combined with a regular search
space. The regular search space eases the evaluation process
by employing architectures that are hardware-friendly in the
sense that they do not feature too many branches to be fol-
lowed during the backpropagation phase, saving memory and
computations. The derivative-free search strategy avoids the
usage of derivatives and therefore requires less memory and
less computations compared to derivative-based algorithms.

The present paper inherits and expands the work recently
presented in [15], further developing the idea of running HW-
NAS on constrained devices. The main contributions of this
paper can be summarized as follows.

• A novel search strategy that obtains state-of-the-art results
on the Visual Wake Words dataset while reducing search
time from 4 days to 10 hours when running on the
Raspberry Pi Zero 2.

• An adaptation mechanism which tunes the search space
according to the energy and time available to the IoT
gateway, enabling the execution of HW-NAS even in the
case of a limited energy budget or with a limited amount
of execution time at disposal.

• The added capability of working with time series, ob-
taining state-of-the-art results on the CWRU dataset, a
dataset for Intelligent Fault Diagnosis, in just 2 hours
and 52 minutes when running on a Raspberry Pi 4.

• The release of the proposed HW-NAS as open-source
software at https://github.com/AndreaMattiaGaravagno/
GatewayNAS; the software is designed for embedded
devices based on Linux.

The experimental sessions involved three different single-
board computers typically used for implementing IoT gate-
ways and three different ultra-low-power microcontroller units
(MCUs) as reliable instances of sensing nodes. The experi-
ments showed that the proposed HW-NAS could successfully
meet the constraints on execution time and energy consump-
tion while generating architectures that scored state-of-the-art
performances on the selected benchmarks.

The rest of the paper is organized as follows. Section II
reviews related works. Section III briefly introduces the reader
to the basics of HW-NAS and then focuses on the specific
problem of running HW-NAS on resource-constrained devices.
Section IV presents the proposed approach to the design of an
HW-NAS that fits the requirements of the IoT environment.
Section V reports on the experimental setup, while Section VI
presents the outcomes of the experiments. Finally, concluding
remarks are provided in Section VII.

II. RELATED WORKS

HW-NAS represents a valuable solution for automatically
designing deep learning models whose inference phase should

run on IoT sensor nodes [16]–[18]. Wang et al. [11] ap-
plied HW-NAS to the design of NN that must be robust
against adversarial attacks in 6G-enabled AI-enabled Internet-
of-Things (AIoT) systems. In [19] an HW-NAS generates and
explores multiple NN architectures for biosignal processing
in wearable devices. Du et al. [20] exploited HW-NAS to
design tiny deep learning models to analyze the emotional
information of steady-state visual evoked potential signals in
the IoT framework. Dissem et al. [21] used HW-NAS to design
optimal autoencoders to perform anomaly detection in smart
buildings. In [22], HW-NAS supports the development of IoT
systems for vibration damage detection.

TABLE I: Target execution platform of state-of-the-art HW-
NAS.

Work GPU CPU Embedded
Static Adaptive

Mnasnet [23] x
MCUNet [24] x
Micronets [25] x
ColabNAS [26] x

NanoNAS v1 [27] x
NanoNAS v2 [28] x

Proposal x

Originally, HW-NAS was a resource-hungry procedure; as a
result, one needed expensive computing facilities to run it. In
the last years, though, efforts have been made to decrease the
computational cost of HW-NAS procedures. From the 40,000
GPU hours required by Mnasnet [23], the execution time was
reduced to 300 GPU hours by MCUNet [24]. In addition,
custom techniques leveraging derivative-free optimization and
hand-crafted search spaces have been introduced to meet
the resource constraints of ultra-low-power hardware: in [26]
the search cost was 4 GPU hours, while Garavagno et al.
eventually removed the need for a GPU [27]. Indeed, two
recent works showed that it can be feasible to run the HW-
NAS itself on an embedded system [15], [28]. The main idea
is to add a constraint on the memory available on the platform
running the search procedure. Table I offers an overview of the
state-of-the-art HW-NAS; the works are classified according
to the computing resources needed to perform the search
procedure.

The literature provides other approaches that can be adopted
to adapt the architecture of a DNN to changes in the deploy-
ment environment. Dynamic Neural Networks enjoy favorable
properties that are absent in common neural networks [29]:
they can adapt their topology and parameters in response
to varying input during inference; they can learn a set of
diverse features, enhancing their generalization capabilities;
they support interpretable ML, giving the ability to understand
which part of the network has generated the output. However,
the known gap between theoretical and practical efficiency
makes them unsuitable for modern computing devices [30].

Domain adaptation [31] transfers knowledge from a source
domain to a target domain having a different data distribution.
It has been successfully applied to increase the generalization
capability of NNs for IoT applications trained in a situation of
data scarcity [32]–[35]. Nonetheless, the burden of designing

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JIOT.2025.3581442

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

https://github.com/AndreaMattiaGaravagno/GatewayNAS
https://github.com/AndreaMattiaGaravagno/GatewayNAS


IEEE INTERNET OF THINGS JOURNAL, VOL. XX, NO. X, MONTH YEAR 3

a neural architecture compatible with the hardware constraint
of the sensor node remains on the user.

Hence, the present paper wants to go one step further in the
design of HW-NAS that can run at the edge of IoT systems,
without relying on external resources. The proposed adaptive
HW-NAS can automatically adjust the search procedure ac-
cording to the constraints on execution time and energy budget.
This in turn means that it can run on generic gateways in an
IoT network.

III. BACKGROUND

A. Hardware-Aware Neural Architecture Search

HW-NAS automatizes the process of finding the best neural
architecture for solving a given task on a target hardware. HW-
NAS is typically cast as an optimization problem constrained
by the resources available on the target hardware. Its objective
function defines the set of metrics adopted for selecting the
best neural architecture among candidate solutions, i.e., the
evaluation process [36]. Equation (1) shows an example of
the typical optimization problem, where one wants to find
the architecture A having the maximum validation accuracy,
maxΓ(A), among those meeting a set of constraints. In this
example the constraints are the amount of RAM (ξRAM ), the
amount of Flash memory (ξFlash), and the multiply and accu-
mulate (MAC) instructions (ξMAC); accordingly, ϕRAM (A),
ϕFlash(A), and ϕMAC(A) refer, respectively, to the RAM
usage, the Flash memory usage, and the MAC instructions
of the candidate architecture A on the deployment device.


maxΓ(A)

ϕRAM (A) ≤ ξRAM , ϕFlash(A) ≤ ξFlash

ϕMAC(A) ≤ ξMAC

ξRAM , ξFlash, ξMAC > 0

(1)

The set of candidate solutions, also known as search space,
is defined by fixed architectural rules determining which NNs
are allowed. Rules can be defined with different granularity:
they can act on layers (layer-wise search space), on a group
of layers, often referred as cells (cell-based search space), or
both (hierarchical search space) [36].

The optimization technique adopted for solving the problem,
i.e., the search strategy, defines how the search space is
explored when looking for the best neural architecture [36]. In
the first place, techniques based on Reinforcement Learning
(RL) [23], Evolutionary Aging (EA) [37], Random Search
[38], and Bayesian Optimization (BO) [39] where adopted
given the non-smoothness of the HW-NAS problem. Then,
a novel formulation of HW-NAS [40] allowed the usage of
gradient-based techniques [41], [42] for solving the optimiza-
tion problem. Nonetheless, the majority of search strategies
are known to be resource intensive [36] and can require up to
tens of thousands hours of execution on specialized hardware
[24]. In the recent years, though, new approaches have been
introduced that lower the search cost of HW-NAS by adopting
custom search strategies [15], [27], [43].

B. Running HW-NAS on Resource Constrained Devices

Running HW-NAS on embedded devices poses major chal-
lenges, as limited resources are available. Two recent works
[15] [28] have shown that the search cost can be significantly
reduced by exploiting a custom derivative-free optimization
technique and a cell-based search space; in both cases the
HW-NAS was designed to generate NNs that should run on
ultra-low-power computing platform.

The adopted search space [15] builds tiny Convolutional
Neural Networks (CNNs) stacking four different types of
cells: a pre-processing cell, a base cell, a building cell, and
a classifier cell. The pre-processing cell applies min-max
standardization to improve gradient descent convergence rate
[44]. The base cell is a single convolutional layer with k
kernels acting as the foundation on which building cells will
be stacked. A single building cell first halves the resolution
of the extracted features using the max pooling operator,
then applies convolution followed by batch normalization to
stabilize further and speed up the training [45]; then a rectified
linear unit activation builds the new feature maps. The number
of kernels nc of a convolutional layer depends on k and on the
number of cells previously stacked c, and can be computed as
nc = nc−1+21−cnc−1, where n0 = k [15]. The latter formula
is inspired by VGG16 [46], where instead of doubling the
kernels after each block, we gradually decrease the increment
to save resources.

Finally, the classifier cell reduces the extracted features
by applying global average pooling to improve the model’s
generalization capability [47]; a fully connected layer produces
the class predictions, using softmax activation and a number
of neurons equal to the number of classes. All the kernels use
a 3 by 3 receptive field.

Therefore, in the adopted search space, neural architectures
are built stacking building cells upon the base cell. Every
architecture starts with a pre-processing cell and ends with
a classifier cell and can be conveniently represented by the
tuple (k, c), where k is the number of kernels used in the base
cell and c is the number of cells stacked upon the base cell.

To explicitly take into account the limitations imposed by
the device on which the HW-NAS should run, a custom
constraint was added to the optimization problem in [15] [28].
Thus, a limit was added on the available memory for the
training phase on the device hosting the search procedure.
Accordingly, candidate architectures not fitting such constraint
were considered unfeasible, even if they could be deployed on
the target hardware.

IV. PROPOSAL

The core feature of the proposed HW-NAS is the capability
to be “hardware aware” both at the edge (i.e., the device on
which the NN should run) and at the gateway (i.e., the device
on which the NAS should run). To this purpose, the HW-NAS
involves six different constraints:

• at the edge: a candidate solution (i.e., an architecture
A(k, c)) must meet the constraints on the amount of RAM
(ξRAM ), the amount of Flash memory (ξFlash), and the
MAC instructions (ξMAC).
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• At the gateway: the whole process to be completed to
identify the best architecture must meet the constraints
on the amount of memory (ξMEM ), the execution time
(ξTime), and the energy budget (ξEnergy).

In practice, one wants to keep the search space as wide
as possible (i.e., the number of candidate solutions), given
the constraints at the gateway level. The present approach
generates the set Sα of admissible solutions with a two-step
procedure. First, one selects the architectures A(k, c) that 1)
can be deployed on the edge device and 2) can be trained on
the gateway without violating the constraint on the memory
usage (ϕRAM (A) ≤ ξRAM ):

∀A ∈ Sα

ϕRAM (A) ≤ ξRAM , ϕFlash(A) ≤ ξFlash

ϕMAC(A) ≤ ξMAC , ϕMEM (A) ≤ ξMEM

ξRAM , ξFlash, ξMAC , ξMEM > 0

(2)

Then, a cropping process reduces the cardinality of Sα,
if necessary. In fact, the search process must also meet the
constraints on execution time and energy budget, which are
evaluated by the functions ϕTime and ϕEnergy, based on
the candidate search space. Hence, the number of candidate
solutions in Sα should be as large as possible, but, at the same
time, it should be small enough to allow the gateway to finalize
the search process without violating the constraints ξTime and
ξEnergy. Thus, the final set Sα is obtained as follows:


max |Sα|

ϕTime(Sα) ≤ ξTime, ϕEnergy(Sα) ≤ ξEnergy

ξTime, ξEnergy > 0

(3)

Once the set Sα has been obtained, the search strategy can
be applied to it. In the following, Sec. IV-A gives details about
the algorithms that are adopted to generate Sα, while Section
IV-B presents the search strategy.

A. Generating the Search Space On The Gateway

The actual search space Sα is obtained after a two-step
procedure. In the first step, Algorithm 1 builds the set Ŝα,
i.e., a superset of Sα, in that it should include all admissible
architectures A(k, c) given the deployment target (as per
(2)). It starts from the smallest admissible candidate, i.e.,
(k = 1, c = 0), and explores sequentially all the candidate
architectures (1, c), adding them to Ŝα until the first unfeasible
architecture is reached (while loop at line 6 of the algorithm).
Here, an architecture A(k, c) is unfeasible when it does not
meet the constraints set by (2). Then, k is incremented (repeat
loop at line 4 of the algorithm) and again the exploration
along the c parameter is completed. The algorithm continues
accordingly until it reaches an architecture A(k, 0) that is
unfeasible (stopping criterion at line 11 of the algorithm).

Once Ŝα has been computed, a cropping process can start.
The issue to be tackled is that the gateway must meet the
constraints on the execution time and the energy budget when
running the NAS (as per (3)). Roughly, both quantities depend
on the number of architectures included in the search space,

Algorithm 1 The algorithm that generates the extensive search
space Ŝα

Require: ξMEM , ξRAM , ξFlash, ξMAC

Ensure: Ŝα

1: procedure SEARCH SPACE - CREATION
2: k ← 1
3: Ŝα ← ∅
4: repeat ▷ Outer loop
5: c← 0
6: while A(k, c) is feasible do ▷ Inner loop
7: Ŝα ← Ŝα ∪ (k, c)
8: c← c+ 1
9: end while

10: k ← k + 1
11: until (k, 0) is not feasible ▷ Stopping criterion
12: return Ŝα

13: end procedure

Algorithm 2 The algorithm that obtains the final search space
Sα by cropping Ŝα.

Require: Ŝα, ξTime, ξEnergy, w̄
Ensure: Sα

1: procedure SEARCH SPACE - CROPPING
2: A∗ ← (A ∈ Ŝα|max params)
3: t̄← eval time(A∗) ▷ Time upper bound
4: ē← t̄w̄ ▷ Energy upper bound
5: k ← 1
6: Sα ← ∅
7: stop← 0
8: repeat
9: c← 0

10: while (k, c) ∈ Ŝα do
11: if |Sα|t̄ ≤ ξTime, |Sα|ē ≤ ξEnergy then
12: Sα ← Sα ∪A(k, c)
13: else
14: stop← 1
15: end if
16: c← c+ 1
17: end while
18: k ← k + 1
19: until stop = 0
20: return Sα

21: end procedure

as the performance of each architecture should be assessed to
find the best CNN among the candidate solutions. This in turn
means that each architecture should be trained. Therefore, one
cannot assume that the search space can be as large as Ŝα. At
the start of the cropping process Sα coincides with Ŝα. Then,
the cropping strategy formalized in the algorithm 2 basically
reduces the cardinality of Sα to the purpose of obtaining a
search space that allows the gateway to fit the constraints.

First, an upper bound t̄ is set for the time needed to evaluate
a candidate architecture. To estimate such upper bound the
algorithm selects the architecture with the highest number
of parameters to be updated during training among those
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(a) Hypothetical search space (b) Extensive search space (c) Actual search space

Fig. 2: Example of the process leading to the search space Sα

included in Ŝα. Accordingly, the value of t̄ is set empirically
by completing the evaluation process of such architecture
(i.e., training and computation of the validation accuracy) on
the gateway. The upper bound on the energy consumption,
ē, is obtained by multiplying t̄ by the maximum power
consumption of the gateway when running the HW-NAS, w̄.
The latter quantity is an input to the algorithm.

Then, starting from the smallest solution included in Ŝα,
(k = 1, c = 0), the algorithm adds one architecture at a time
to Sα following the order in which the architectures have been
added to Ŝα. The process ends as soon as the cardinality of
Sα reaches the threshold, i.e., when it is estimated that the
gateway would not be able to complete the NAS by meeting
the constraints on ξTime and ξEnergy.

Figure 2 provides an example of the process leading to Sα.
The starting point is the hypothetical search space (Fig. 2a),
with all the possible architectures A(k, c). The algorithm 1
generates an actual, yet temporary, search space Ŝα (Fig. 2b).
Finally, the algorithm 2 yields as output Sα by cropping Ŝα

(Fig. 2c).

B. Search Strategy

The proposed search strategy is a bi-level optimization
technique that does not use derivatives. It searches for the best
neural architecture within the search space described in section
III-B to solve the given classification task on the chosen
microcontroller, with a preference towards smaller solutions.
The inner level of the technique (Alg. 3, while loop in row
7) searches the best number of building cells to stake given
the number of kernels used in the base cell, acting on the
parameter c, while the outer level (Fig. 3, repeat until loop in
row 5) changes the parameter k, to find the best combination
of k and c.

In detail, the inner level finds c∗, i.e., the best value of c
given a fixed k̄ by adding building cells, one at a time, until
the solution remains feasible. Instead, the outer level proposes
a new candidate k̄, based on the previously confirmed one k,
obtained by adding to it a variable increment ⌊k2−β⌋, with
beta initialized to zero, and calls the inner level. If the new

Algorithm 3 Proposed search strategy.
1: procedure PROPOSED OPTIMIZATION TECHNIQUE
2: k ← 1, c← 0 ▷ Starting point
3: β ← 0, γ ← 0
4: k̄ ← k
5: repeat ▷ Outer loop
6: c̄← 0, c∗ ← 0
7: while (k̄, c̄+ 1) ∈ Sα do ▷ Inner loop
8: if f(k̄, c̄+ 1) > f(k̄, c∗) then
9: c∗ ← c̄+ 1 ▷ Update of best c

10: end if
11: c̄← c̄+ 1
12: end while
13: if f(k̄, c∗) > f(k, c) then
14: k ← k̄, c← c∗ ▷ Candidate confirmation
15: else
16: γ ← 1 ▷ Start k increment reduction
17: end if
18: β ← β + γ ▷ Optional k increment reduction
19: k̄ ← k + ⌊2−βk⌋ ▷ Variable increment of k
20: until ⌊2−βk⌋ = 0 ▷ Stopping criterion
21: end procedure

candidate solution found is better than the previously con-
firmed one, the new candidate is confirmed, and the algorithm
naturally proceeds. Otherwise, the beta starts to grow by one
unit, decreasing the increment of the variable, and then a new
k̄ is proposed. Eventually, the increment becomes zero, and
the new proposed value coincides with the last confirmed one.
When the latter condition is met, the algorithm stops, returning
the last confirmed candidate. The evaluation metric adopted
is the generalization capability, i.e. the validation accuracy,
computed over a validation set.

Figure 3 proposes a possible run of the search strategy
plotted on the search plane. In this figure, every parameter
change that results in a better candidate is marked with a
green arrow, whereas changes that lead to a worse candidate
are marked with red arrows.
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Fig. 3: A possible run of the search strategy plotted on the
search plane.

The search starts from the smallest admissible solution, i.e.
A0 = A(k ← 1, c← 0) and explores the corresponding c-axis,
finding the first candidate A1 = A(k̄ ← 1, c∗ ← 2). Since
A1 performs better than A0, A1 is confirmed, and the search
proceeds by exploring the k-axis, doubling the confirmed k
value, obtaining k̄ = 2. Then the c-axis is again explored
finding the second candidate A2 = A(k̄ ← 2, c∗ ← 3). The
new candidate is confirmed since it performs better than the
previous one, i.e. A1, and for this reason the change on the
k-axis is marked with a green horizontal arrow.

The algorithm continues in the same way, until the perfor-
mance on the k-axis stops improving, in this case with k̄ = 8,
which is indeed pointed by a red arrow. The correspondent
candidate A4 = A(k̄ ← 8, c∗ ← 4) is therefore not confirmed
leaving A3 = A(k ← 4, c ← 4) in the position of the
confirmed candidate.

The stop of performance improvement triggers the k in-
crement reduction, setting γ ← 1. Therefore a new k value
k̄ ← 6 is proposed. The corresponding candidate found by
exploring the c-axis, i.e., A5 = A(k̄ ← 6, c∗ ← 5) performs
better than A3, the previous confirmed candidate, and therefore
it is confirmed being marked with a horizontal green arrow
pointing to it.

The next candidate found A6 = A(k ← 7, c← 3) improves
the latest confirmed solution and therefore is marked with a
horizontal green arrow. The last k value proposed is 7, which
is the same as the last confirmed solution because the variable
increment reached the zero value. Therefore the algorithm
terminates returning A6.

V. EXPERIMENTAL SETUP

This paper presents the outcomes of four different experi-
ments:

• The first experiment demonstrates that the proposed HW-
NAS is capable of generating compact neural network ar-

chitectures tailored for ultra-low-power microcontrollers
with varying hardware capabilities.

• A second experiment compares the proposed HW-NAS
with state-of-the-art methods, showing that it can deliver
cutting-edge tiny CNNs optimized for ultra-low-power
computing platforms.

• A third experiment demonstrates that the proposed HW-
NAS can successfully adapt the cost of the search pro-
cedure to the constraints on execution time and energy
budget set by an embedded device.

• A fourth experiment proves that the proposed HW-NAS
can run on different embedded devices.
a) Gateways: The proposed HW-NAS has been executed

on three different single-board computers that can serve as IoT
gateways: the Raspberry Pi 4 (RPi 4), Raspberry Pi 3 (RPi
3), and Raspberry Pi Zero 2 (RPiZ 2). Table II summarizes
the key features of the boards: SoC information, available
RAM, and measured peak power consumption. To evaluate
the maximum power consumption of each device, the “stress-
ng” utility from Debian was used. The following command
line forced full utilization of all CPU cores and of the main
memory of the device: “stress-ng –cpu 0 –cpu-method all –
vm 0 –vm-bytes 100% –vm-method all –verify -t 1m -v”.
A power meter, directly connected to the power supply, was
used to measure the maximum power consumption of each
device. The same power meter was also used to monitor the
energy consumption and execution time of the devices during
the HW-NAS process.

TABLE II: Hardware features of the embedded devices tar-
geted in this work.

Embedded Device SoC RAM Power Consumption
Raspberry Pi Broadcom [GiB] [W]

4 Model B BCM2711 4 5.6
3 Model B BCM2837 1 4.3

Zero 2 BCM2710A1 0.5 2.8

b) Sensor Nodes: Three different microcontrollers
from the ultra-low-power production line of ST Mi-
croelectronics—namely, the L010RBT6, U083RCT6, and
L412KBU3—have been selected as computing units for the
sensor nodes. Table III shows the available RAM, Flash
memory, and CoreMark score for each microcontroller.

TABLE III: Hardware features of the MCUs targeted in this
work.

MCU RAM Flash CoreMark
STM32 [kiB] [kiB] score

ultra-low-power line
L010RBT6 20 128 75
U083RCT6 32 256 134
L412KBU3 40 128 273

c) NAS: The proposed HW-NAS indeed implemented
a stand-alone process to monitor the execution time and to
estimate the energy consumption in real-time. Such a backup
process prevents the HW-NAS to run when either the bound
on the execution time or the bound on the energy budget is
reached. In fact, when dealing with an IoT gateway, non-real-
time Operating Systems (OS), such as Debian or Windows,
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introduce unpredictable overloads for maintaining the system,
which cannot be easily estimated. As a result, the search space
Sα returned by Alg. 2 might result too large if the goal is to
meet the constraints ξTime, ξEnergy. Therefore, the software
implementation of the HW-NAS is set to generate as output
an architecture even when is not possible to fully explore the
search space Sα as expected.

d) Hyper-parameters: The maximum validation accu-
racy of a candidate architecture is evaluated after three epochs
of training, with a validation split of 30% of the training data,
a batch size of 16, and a learning rate of 1×10−3. The Adam
optimizer [48] is adopted for this process. In the case of time
series the architectures were evaluated after fifty epochs of
training.

e) Deployment: Both Quantization Aware Training
(QAT) and Post Training Quantization (PTQ) are utilized to
obtain 8-bit quantized models. The memory features, such
as Flash and RAM occupancy, have been measured using
the STM utility called ”stm32tflm”, which is included in the
X-CUBE-AI software package. This utility provides specific
measurements for running the obtained architecture on STM32
microcontrollers using the TFLite Micro runtime. Addition-
ally, the proposed method computes MAC operations and
architectural details, denoted as (k, c).

The architectures selected by the proposed strategy are
finally trained for 100 epochs, 500 in the case of time series,
with a validation split of 10%, a batch size of 128, and a
learning rate of 1e−2, using the Adam optimizer and imple-
menting validation-based checkpointing. The training data is
augmented by applying random horizontal flips and random
rotations within the range [− 2

5π;
2
5π].

The reported latency is measured on the NUCLEO-L432KC
using the ’validation on target’ feature provided by X-CUBE-
AI. X-CUBE-AI version 8.1.0, along with STM32CubeIDE
version 1.17.0, was used to program the boards.

f) Datasets: Four different datasets have been considered
for the experiments:

• the Visual Wake Words dataset [49], which is a tinyML
benchmark [50] containing 123,000 images that identify
whether a person is present in the image;

• the CIFAR-10 dataset, which is a tinyML benchmark [50]
consisting of 60,000 32x32 color images organized into
10 classes, with 6,000 images per class;

• the Melanoma Skin Cancer dataset [51], as a case for
HIoT applications, which consists of 10,000 images used
to identify whether a sample is malignant or not;

• the Case Western Reserve University (CWRU) dataset
[52], as a case for IIoT application, which consists of
accelerometer data coming from rolling bearings with
different injected faults.

The test accuracy of the resulting architectures is evaluated
on the public test set of the dataset used. In the case of the
Visual Wake Words dataset, only one-tenth of the training split
was used to run the HW-NAS, while the entire training split
was utilized to train the resulting architecture.

VI. RESULTS

A. Adaptability to ultra-low-power microcontrollers

The first experiment aims to show that the proposed HW-
NAS can generate custom architectures for different ultra-low-
power computing platforms, which may play the role of sensor
nodes in IoT applications. The assumption in this case is that
the HW-NAS can run on a standard computing platform, i.e.,
without constraints on the available resources.

Table IV presents the results, which are organized into
three subtables, one for each dataset. Each subtable gives -
for a target microcontroller- the configuration of the selected
architecture, the hardware requirements of the deployed model
(specifically RAM, Flash memory, and MAC operations), the
test accuracy, and latency for a single prediction.

TABLE IV: Performance of the proposed HW-NAS when
targeting ultra-low-power computing platforms.

Target MCU Arch. RAM Flash MAC Test Acc. Lat.
STM32 (k,c) [kiB] [kiB] [MM] [%] [ms]

Visual Wake Words (vi = 50x50)
L010RBT6 (3,4) 19 10.8 0.4 71 42
U083RCT6 (5,5) 24.5 22.7 0.9 75.2 63.2
L412KBU3 (8,3) 31 18.8 2 78.3 79.1

Melanoma Skin Cancer (vi = 50x50)
L010RBT6 (3,5) 18.5 8.1 0.4 84.2 43.2
U083RCT6 (6,4) 26.5 20.4 1.3 88.5 67.3
L412KBU3 (9,4) 34 35.7 2.6 90 129.8

CIFAR10 (vi = 32x32)
L010RBT6 (6,5) 14 28.7 0.5 63.3 31.6
U083RCT6 (9,4) 17 36 1.1 67.1 60
L412KBU3 (13,4) 21.5 65.2 2.1 70.9 97.5

Experimental outcomes prove that the features of the se-
lected architectures scale with the available resources on the
target platforms. As resources increase, the HW-NAS selects
an architecture that requires more RAM, Flash memory, and
MACs. The test accuracy improves accordingly, just as latency
increases.

B. State of the art comparison

The proposed method is compared with four state-of-the-art
NAS techniques: MCUNet [24], Micronets [25], ColabNAS
[26], and NanoNAS [28]. The first two studies focused on
high-performance MCUs, while the last two targeted ultra-
low-power MCUs. The comparison is carried out using the
Visual Wake Words dataset [49], a standard benchmark for
tiny machine learning visual applications [53].

To ensure a fair comparison, Table V lists the smallest
models selected by NAS targeting high-performance MCUs
[24] [25] and the largest models selected by NAS targeting
ultra-low-power MCUs [26] [28]. For the method proposed
in this work, the largest architecture among those reported in
SectionVI-A has been selected. For each NAS, the table gives
test accuracy, RAM, Flash memory, and MAC operations.

The results show that MCUNet produces the network with
the highest test accuracy, albeit with the largest architecture
in terms of RAM, Flash memory, and MAC operations.
In contrast, the proposed method achieves the second-best
test accuracy while maintaining the lowest resource usage
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in terms of Flash and the second-lowest in terms of RAM
and MAC operations. ColabNAS ranks third in test accuracy,
while featuring larger RAM and Flash. NanoNAS is fourth
in test accuracy while featuring the lowest RAM occupancy
and MAC operations. Micronets occupy the last position,
delivering the lowest test accuracy but being only slightly
smaller than MCUNet in RAM and Flash usage.

TABLE V: Comparison with existing HW-NAS on VWW
dataset.

Work Acc RAM Flash MAC
[%] [kiB] [kiB] [MM]

MCUNet [24] 87.4 168.5 530.5 6
Micronets [25] 76.8 70.5 273.8 3.3
ColabNAS [26] 77.6 31.5 20.83 2
NanoNAS [28] 77 28.5 23.7 1.3

Proposal 78.3 31 18.8 2

C. Running HW-NAS on energy and time constrained devices

This experiment aims to demonstrate that the proposed HW-
NAS exploits an adaptive strategy, which can fit the available
resource budget. A Raspberry Pi Zero 2 has been selected as
the gateway for this experiment, while STM32L412KBU3 has
been used as sensor node.

First, the extensive search space Ŝα for the
STM32L412KBU3 device has been generated according
to Algorithm 1. Then, the energy budget and the time budget
required by Raspberry Pi Zero 2 to get Sα = Ŝα have been
empirically estimated. Hence, in practice, it was assessed that
with an energy budget of 16.5 Wh and a time budget of 9:51
(expressed hereafter as hh:mm) one can avoid any cropping
of Ŝα (according to Algorithm 2).

Table VI reports the results of three experiments in which
the proposed HW-NAS run on the selected gateway -Raspberry
Pi Zero 2- with as many different energy / time budgets.
The first row of the table shows the outcomes of the first
experiment, in which the available budget was 16.5 Wh for
energy and 9:51 for time. In this table, the second column
gives the actual cost of the search procedure when running
on the gateway; the third column gives the actual size of Sα

after cropping, expressed as percentage with respect to Ŝα;
the fourth column gives the percentage of Sα that has been
covered by implementing the search strategy formalized in Al-
gorithm 3. The second part of the table provides details about
the architecture generated by the NAS: RAM usage, Flash
Memory usage, MAC operations, test accuracy on the VWW
dataset, and latency measured on the STM32L412KBU3 de-
vice. The second row of the table reports the outcomes of the
experiment in which the available budget was cut down to
11.0 Wh for energy and 6:34 for time, i.e., two-third of the
best possible budget. Analogously, the third row of the table
reports the results of the experiment in which the available
budget further reduced to 5.50 Wh for energy and 3:17 for
time, i.e., one-third of the best possible budget.

The table shows that, as expected, only when the available
budget was, respectively, 16.5 Wh for energy and 9:51 for
time, the search procedure could work on the entire search

TABLE VI: Performance of the proposed HW-NAS when
running on Raspberry Pi Zero 2 with different energy/time
budgets, with STM32L412KBU3 as a target.

NAS Details Resulting Architecture
Budget Cost Sα Expl. RAM Flash MAC Acc. Lat.

[Wh][time] [Wh][time] [%] [%] [kiB] [kiB] [MM] [%] [ms]
16.5 - 9:51 16.5 - 9:51 100 51 28.5 16.1 1.6 77.8 87.4
11.0 - 6:34 11.0 - 6:30 33 98 21.5 13.1 0.7 73.1 43.3
5.50 - 3:17 5.41 - 3:17 15 95 18.5 7.2 0.1 66 24.6

space Ŝα without any cropping: in fact, Sα was 100% of Ŝα.
Indeed, the search strategy managed to explore only 51% of Sα

to find the best architecture. In the other two experiments, the
exploration of the search space Sα was halted due to resource
depletion. In the second experiment, the search procedure
was stopped after the threshold on the available energy was
reached; four minutes were still available in terms of time
budget. Sα was 33% of Ŝα and, notably, the search strategy
was able to explore 98% of Sα due to its small size. In the
last experiment, conversely, the search procedure was stopped
after the threshold on the available time was reached. Sα was
15% of Ŝα and the search strategy was able to explore 95%
of Sα due to its very small size.

Obviously, the three experiments led to as many differ-
ent architectures to be deployed on the target device. The
footprint and the latency of the selected architecture reduce
as the available budget for running the HW-NAS drops. In
fact, generalization performance also deteriorates. Overall, the
results obtained with this experimental session demonstrate
that the proposed HW-NAS can adapt to the available budget
by adjusting the portion of the search space to be explored.

D. Effect of different platform on HW-NAS execution
This experiment aims to demonstrate that the proposed

HW-NAS can adapt its search strategy to the characteristics
of the specific gateway. To this end, three different devices
that can be used as gateways have been involved in the
experiment: Raspberry Pi Zero 2, Raspberry Pi 3 Model B
and the Raspberry Pi 4 Model B. Again, STM32L412KBU3
has been used as sensor node.

Table VII reports on the result obtained by running the
HW-NAS on the three selected gateways always with the
same energy/time budget: 16.5 Wh for energy and 9:51 for
time. As stated in the previous section, this budget allows
one to avoid any cropping of the search space Ŝα defined
by the STM32L412KBU3 microcontroller when working on
a Raspberry Pi Zero 2.

The table gives, for each experiment: the gateway; the actual
cost of the search procedure on that gateway, the actual size of
Sα after cropping, expressed as percentage with respect to Ŝα;
the percentage of Sα that has been covered by implementing
the search strategy formalized in Algorithm 3. In addition, the
second part of the table provides details about the architecture
generated by the NAS: RAM usage, Flash Memory usage,
MAC operations, test accuracy on the VWW dataset, and
latency measured on the STM32L412KBU3 device.

The results show that when the Raspberry Pi 3 was adopted
as a gateway, the search process stopped after 5 hours and 4
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minutes due to energy depletion. In fact, Raspberry Pi 3 is
generally less efficient than Raspberry Pi 0 in terms of energy
consumption. Consequently, the proposed HW-NAS procedure
had to cut Ŝα: eventually, Sα was 38% of the extensive search
space. Conversely, the HW-NAS was able to run on the the
Raspberry Pi 4 without depleting the available budget. In this
case, Sα was 100% of the extensive search space; therefore,
no cropping was needed. When running on the Raspberry Pi 4,
the proposed HW-NAS managed to explore 57% of the search
space Ŝα in 3 hours and 25 minutes, while 9 hours and 51
minutes were required on the Raspberry Pi Zero to explore
51% of Ŝα.

These results demonstrate that the proposed HW-NAS is
effective in adapting to different execution platforms. The HW-
NAS can set the size of Sα according to the available budget
and the features of the gateway. In addition, the search strategy
(Algorithm 3) can adequately explore both small search spaces
and large search spaces.

TABLE VII: Performance of the proposed HW-NAS with
STM32L412KBU3 as a target platform, maintaining a fixed
resource budget while varying the execution platforms

NAS Details Resulting Architecture

RPi Cost Sα Expl. RAM Flash MAC Acc. Lat.
[Wh][time] [%] [%] [kiB] [kiB] [MM] [%] [ms]

Z2 16.5 - 9:51 100 51 28.5 16.1 1.6 77.8 87.4
3 16.5 - 5:04 38 98 21 9.5 0.6 72.7 44.5
4 14.2 - 3:25 100 57 35 52.1 2.6 75.9 125.7

E. Time Series

This experiment aims to show that the proposed technique
can also be applied to time series, leading to state-of-the-art
results on the CWRU dataset [52]. A Raspberry Pi 4 has been
adopted as gateway and a STM32-L010RBT6 as target sensor
node. The algorithm has been run without energy and time
constraints. The resulting network has been compared with
the state-of-the-art work published by Chen et al. [54].

TABLE VIII: Resulting Architecture VS Reference Architec-
ture

Work
Search Cost Resulting Architecture

Energy Time (k, c) RAM Flash MAC Test Acc. Latency
[Wh] [hh]:[mm] [kiB] [kiB] [MM] [%] [ms]

Proposal 6.4 1:52 (6, 4) 13.5 12.9 0.6 99.5 34
[54] n/a n/a n/a 66.5 163.4 0.2 99.3 38.2

Table VIII reports on the results of this experiment. The
table compares the neural network generated by the proposed
HW-NAS with that adopted in [54]. The table gives RAM
usage, Flash Memory usage, MAC operations, test accuracy
on the CWRU dataset, and latency measured on the STM32-
L010RBT6 device.

The HW-NAS proved capable of producing a tiny CNN that
needs 4.9 times less RAM and 12.7 times less Flash than the
one adopted in [54]. Notably, such CNN scored higher test
accuracy while decreasing latency. The resulting architecture
can run on an STM32-L010RBT6, i.e., an ultra-low-power
MCU, and is therefore suitable for IIoT sensor nodes.

The search procedure was carried out on a Raspberry Pi
4 for 1 hour and 52 minutes; the energy consumption was
6.4 Wh. The average CPU usage per core was 67.9% and the
average RAM usage was 593 MB (out of 4 GB available). This
result makes the proposed method compatible with existing
services running in deployed gateways of IoT networks.

VII. CONCLUSION

Using the proposed method, NNs can be automatically
designed at the edge, without the data leaving the site of
collection. This enables the usage of NNs even in privacy-
sensitive applications: customized and hardware-friendly NNs
can be designed for personalized healthcare in the HIoT
framework, maintaining the data inside the hospital; or for IFD
and quality control in production plants in the IIoT framework,
preserving industrial secrets that could be disclosed by the
data.

A thorough experimental campaign proved that the proposed
HW-NAS a) can run on embedded devices that frequently
serve as gateway nodes in IoT networks and b) achieves state-
of-the-art results when ultra-low-power MCUs are selected as
computing source for sensor nodes.

To the best of the authors’ knowledge the literature does not
provide approaches to the design of HW-NAS that could allow
the search process to run on an embedded device. The only
exception is a recent work [28] published by the authors of this
paper; however, the HW-NAS presented in this work improves
on [28] in that it can dynamically adapt to the features of the
gateway, thus enabling its use in IoT networks. The proposed
approach may further simulate the development of lightweight
HW-NAS that can run on resource-constrained devices, thus
opening new fields of applications. Future works may focus,
for example, on training-free evaluation techniques to further
reduce the search cost.
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