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Abstract— The growing demand for deployment of Artificial
Intelligence (AI) on resource-constrained edge devices has motiva-
ted extensive research on the design of efficient edge-compatible
Al hardware accelerators. One of the most promising solutions are
the self-adaptive AI accelerators, capable of optimizing in real
time their performance and energy consumption according to
application requirements. This work introduces the EU-funded
project Twinning for Excellence in Adaptive Edge Artificial Intel-
ligence (AIDA4Edge), aimed to advance the state-of-the-art in the
design of adaptive neural network accelerators for edge applica-
tions. The main goal is to develop a novel hybrid self-adaptive
neural network architecture combining spiking and artificial
neural networks, and supporting runtime adaptation of network
functionality, precision and reliability. Furthermore, we aim to
enhance the neural network training by incorporating hardware
and quantization constraints in an automated tuning engine.

Keywords—Artificial neural networks, spiking neural networks,
hybrid neural networks, adaptive neural networks, neural network
accelerators, hyperparameter optimization, quantization, reliability
of neural networks

I. INTRODUCTION

Artificial Intelligence (Al) algorithms are currently one of
the most powerful tools for solving challenging cognitive
problems, becoming one of the leading research topics and one
of the areas with the largest investment. The integration of Al
algorithms into edge devices, referred to as Edge-Al, enables to
perform complex data processing directly on local hardware
devices, as close as possible to the physical process, bringing
the benefits in terms of enhanced performance, reliability and
security. With the advancement in Al algorithms, the Edge-Al

offers the possibilities for a significant breakthrough in a wide
range of applications, e.g., computer vision, audio and speech
processing, automated driving, 5G/6G communications, aero-
space, industry automation, digital healthcare, etc.

However, along with numerous benefits and potential new
applications, implementation of Al algorithms on edge devices
is accompanied with many design challenges. Powerful Al
algorithms, such as Deep Neural Networks (DNN), impose high
processing, memory and power requirements, rendering their
implementation on resource-constrained edge devices very
challenging. For example, the ResNet-50 requires over 95 MB
of memory to store the weights and more than 3.8 billion mul-
tiplications to classify a single image [1]. In general, increase
in performance of DNNs leads to an increase in complexity of
their hardware implementation, resulting in an increase in the
power consumption [1, 2]. General-purpose processors are not
capable of handling complex Al algorithms with high perfor-
mance. While graphics processing units (GPU) can provide the
required computational capacity, they consume a lot of power.
Therefore, edge-oriented Al algorithms are typically imple-
mented on custom-designed hardware platforms known as Al
hardware accelerators.

In order to allow efficient execution of complex Al models
on resource-constrained edge devices, the design complexity of
Al hardware accelerators should be reduced as much as pos-
sible. To this end, various techniques such as quantization,
pruning, knowledge distillation, and approximate computing
have been proposed. However, all these techniques come with
the reduction in accuracy, which may be critical in many appli-
cations. Moreover, in most cases these techniques are applied
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Table 1: An overview of related work on adaptive neural networks (NNs)

Reference(s) Description of adaptation mechanisms
Adaption of operating settings: Dynamic voltage and frequency scaling can achieve over 50 % reduction in
[9, 10] power consumption of neural networks. However, operation at reduced supply voltage increases the likelihood

of hardware faults.

[11-13]

Adaptation of data precision: Reprogramming of neural network weights at runtime may be applied to adjust
the precision of data representation according to application requirements. Reducing precision leads to a
reduction in power consumption. Moreover, reduced precision may contribute to better fault tolerance.

[14,15]

Adaptation of neural network architecture to enhance performance: Reconfiguration of hardware architecture
in order to change the NN model or functionality of NN accelerator. Typical approaches include layer skipping
and early exit mechanisms.

[16,17]

Adaptation of neural network architecture to enhance reliability: Runtime activation of redundant hardware
resources is a common approach to enhance fault tolerance in dynamic environments. Redundancy could be
applied at different abstraction levels.

[18, 19]

Multi-domain adaptation: Performing reconfiguration across multiple parameters may provide a fine-grained
control of neural network operation. For example, varying quantization, supply voltage and clock frequency
may be applied to control precision and performance [18]. Alternatively, reconfigurable multi-core accelerator

could be used to maintain a tradeoff between performance, reliability and power consumption [19].

in a static manner, without considering that in real application
scenarios Al accelerators may be subjected to dynamic appli-
cation requirements, as well as varying operating conditions. In
such cases, traditional hardware accelerators with static archi-
tecture (fixed functionality) would not be efficient in terms of
energy consumption and performance.

For safety-critical domains, such as healthcare, automotive,
banking, industrial automation, and aerospace, an additional
requirement for Al accelerators is reliability. Special design
measures should be applied to enhance the robustness to both
transient and permanent faults, which may cause unrecoverable
data loss, malfunction, system failure, or even loss of lives. For
example, in autonomous vehicles, as a result of soft errors a
truck may be misclassified as a bird [3], which could result in
an accident if the driver does not intervene. Faults in Al accele-
rators may also reduce the classification accuracy [4, 5]. While
traditional redundancy-based fault tolerance techniques can
improve reliability, they come at the cost of increased power
consumption. Furthermore, static fault tolerance strategies are
often suboptimal in dynamic real-world applications, where
reliability requirements may vary over time.

A promising solution for Al applications with varying ope-
rating conditions and application requirements are the self-
adaptive Al accelerators. Self-adaptive accelerators are capable
of dynamically adjusting their functionality in response to real-
time workload demands and environmental changes [6, 7]. This
flexibility enables to maintain in real time a tradeoff between
performance (latency), computational accuracy, energy con-
sumption and reliability.

Design of self-adaptive Al accelerators is an open research
topic. Despite numerous published works, there is no a compre-
hensive design methodology for self-adaptive neural network
accelerators. In this work we present the EU-funded Horizon
Europe Twinning project AIDA4Edge [8], aimed to solve some
of the key challenges in the design of self-adaptive Al neural
network hardware accelerators. The project is currently in its
first year, and this work summarizes the main concept and plans
for research work.

The rest of the paper is organized into four sections. In
Section II, the state-of-the-art in self-adaptive neural network
accelerators is summarized. Section III introduces briefly the
AIDA4Edge project. In Section IV, the joint research project is
briefly introduced. The paper is concluded in Section V.

II. OVERVIEW OF THE STATE-OF-THE-ART IN ADAPTIVE
NEURAL NETWORKS

Adaptive neural network accelerators (also referred to as
self-adaptive neural networks, dynamic neural networks, self-
aware neural networks, or reconfigurable neural networks) have
emerged as a promising solution to address the dynamic com-
putational demands of modern Al systems, especially in power-
and resource-constrained edge applications. By dynamically
adjusting the neural network architecture, data representation
format and operating settings (supply voltage and operating
frequency), it could be possible to achieve a fine-grained run-
time control of performance (latency), accuracy, power con-
sumption, and reliability. A summary of adaptation methodo-
logies [9-19] for neural networks is given in Table 1.

A general concept of an adaptive neural network accelerator
is illustrated in Fig. 1. To support self-adaptivity, the target
system (neural network accelerator) should be equipped with
additional resources for monitoring the system state and deci-
sion making. Various monitoring mechanisms can be imple-
mented on the chip to track the changes in operating parameters
(supply voltage, temperature), monitor the task execution, and
detect hardware faults. Data is collected from monitors and
processed to evaluate the system state. Based on the system’s
state and the application requirements, the system is reconfi-
gured in real time to meet the new application demands.

While adaptive neural network accelerators offer benefits in
terms of improved efficiency and flexibility of Al hardware,
several technical challenges remain. One of the main limita-
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Fig. 1. A general concept of a self-adaptive neural network accelerator

Authorized licensed use limited to: Universita degli Studi di Ferrara. Downloaded on February 10,2026 at 14:11:10 UTC from IEEE Xplore. Restrictions apply.



Optimization of neural Design of neural network
network models hardware accelerators
(hyperparameter optimization (hybrid SNN-ANN
izatil archltectures)

and model quantization)

Enhancement of neural

network reliability
(dynamic fault tolerance
with on-chip sensing)

Multi-domain self-adaptation of neural network accelerators

Precision
adaptation

Structural/functional
adaptation

Reliability
adaptation

]

Self-adaptive energy-efficient and reliable
neural network accelerators
for edge applications
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tions of existing solutions is that usually a single adaptation
scenario is considered. As can be seen in Table 1, most works
have analyzed the adaptivity in a single domain, such as
adaptation of operating settings, precision adaptation, adap-
tation of accelerator architecture to optimize performance or
adaptation of accelerator architecture to enhance reliability.
Only few recent works [18, 19] have considered adaptation
across multiple details, which could bring the benefits in better
utilization of resources.

Another important design aspect is the complexity of adap-
tation mechanisms. Namely, additional hardware resources for
self-monitoring and reconfiguration may impose high over-
head. Dynamically modifying system functionality requires
complex control logic, which can introduce significant latency,
area, and power penalties. In time-sensitive applications, such
as real-time image processing or autonomous navigation, this
overhead can outweigh the benefits of adaptation. To the best
of our knowledge, there is no much work on the design of
scalable adaptation mechanisms that will produce minimum
impact on the operation of target accelerator.

Driven by the aforementioned challenges, our ultimate goal
is to explore novel design solutions, in particular through the
multi-domain adaptation, in order to improve the overall perfor-
mance of adaptive neural network accelerators.

III. AIDA4EDGE OVERALL CONCEPT

AIDA4Edge is a 3-year Horizon Europe Twinning project,
running from October 2024 to September 2027. The main goal
of Twinning projects is to support an institution from a deve-
loping European country (EU member state or associated state)
in enhancing its scientific competences, where that institution
also serves as the project coordinator. At least two partners
from two different developed EU countries, referred to as
“advanced partners”, are involved in the project to provide
know-how transfer to the project coordinator. In AIDA4Edge,
the project coordinator is the Faculty of Electronic Engineering,
University of Nis (Serbia), while the advanced partners are [HP
- Leibniz Institute for High Performance Microelectronics
(Germany), University of Manchester (United Kingdom) and
University of Ferrara (Italy).

The main topic of AIDA4Edge project is related to adaptive
neural network accelerators for edge applications. The scien-
tific methodology, illustrated in Fig. 2, is focused on exploring
design solutions for energy-efficient and reliable neural net-
work accelerators through runtime adaptivity. Combining the
complementary expertise of all four partners, the AIDA4Edge
project addresses three main topics:

e Design and optimization of neural network models.
The primary focus is on design of efficient neural net-
work models through hyperparameter optimization and
model quantization.

e Design of neural network accelerators. The focus is
on design of neural network hardware accelerators, such
as Spiking Neural Networks (SNN) and classical Arti-
ficial Neural Networks (ANN), and their deployment on
commercial FPGA platforms.

e Fault-tolerant solutions for neural network accele-
rators. The aim is to analyze the impact of design const-
trains on the reliability of neural networks, and explore
various low-cost fault-tolerant solutions.

One of the main directions in each of the three aforemen-
tioned topics is related to investigating approaches for runtime
adaptivity of neural network accelerators, thus enabling to
maintain in real-time a balance between power consumption,
performance, accuracy and reliability. In AIDA4Edge project,
we aim to investigate multi-domain adaptation mechanisms,
such as adaptation of data precision (by online reconfiguration
of neural network weights), adaptation of neural network func-
tionality (by online modification of neural network archi-
tecture) and reliability adaptation (by activating fault-tolerant
mechanisms on demand).

The core activities are focused on knowledge exchange and
joint research with respect to the aforementioned scientific
topics. In addition, the project also addresses the knowledge
transfer in relation to research management and administration.
Fig. 3 illustrated the overall AIDA4Edge methodology based
on 5 main components implemented in the form of 5 distinct
work packages (WPs):
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Fig. 3. AIDA4Edge work packages and their interrelations

WP1: Establishing the framework for sustainable
excellence. This WP focuses on establishing conditions
for long-term collaboration between the project partners
and the interested stakeholders.

WP2: Enhancing strategic networking for excel-
lence. This WP aims to enhance the networking between
the project partners and interested stakeholders through
organization of networking events.

WP3: Strengthening scientific excellence capacity
and resources. This WP deals with knowledge sharing
between the project partners, implemented through staff
exchanges.

WP4: Enhancing research management and admi-
nistration capacities. The aim of this WP is to enhance
the competences in acquisition and management of col-
laborative research projects.

WPS5: Joint research. This WP implements a join
research project, combing the competences of all part-
ners, with the aim to advance the state-of-the-art in the
design of adaptive neural network accelerators.

IV. JOINT RESEARCH PROJECT: A HYBRID ADAPTIVE NEURAL
NETWORK ACCELERATOR FOR VISION APPLICATIONS

The research part of AIDA4Edge project, executed through
WPS5, aims to solve some of the key issues related to the design
of energy-efficient and reliable self-adaptive neural network
accelerators for resource-constrained edge platforms. In parti-
cular, our goal is to establish a comprehensive methodology for
the design of adaptive neural network accelerators, considering
different flavors of runtime adaptivity, thus enabling to achieve
fine-grained optimization in terms of performance, power con-
sumption, accuracy, and reliability.

As a case study, we aim to validate the developed solutions
for video monitoring applications, i.e., for object recognition
and motion detection. The solutions will be implemented on a
commercial FPGA platform from Xilinx, and the validation
will be performed in a laboratory environment.

148

A. Background

Video monitoring has become vital across various domains,
including security, healthcare, transportation, and industrial
automation. The integration of Al in video monitoring appli-
cations significantly enhances their effectiveness by enabling
real-time analysis, anomaly detection, and intelligent decision-
making without constant human oversight. Al-powered sys-
tems can automatically identify suspicious behavior, track indi-
viduals or objects, recognize faces, and detect safety violations,
making surveillance more efficient. The combination of video
monitoring with Al algorithms has the potential to transform
traditional surveillance into smart, adaptive systems capable of
learning and evolving over time.

Conventional Edge Al systems for video monitoring are
based on an artificial neural network (ANN) fed by data from
classic frame-based cameras that sample each pixel of the entire
image with a certain sampling frequency (frame rate). In
practice, only a small part of the image is dynamically active
and changes between two frames, while the majority of pixels
are dynamically inactive. Sampling all pixels with the same rate
leads to over-sampling of dynamically inactive pixels generat-
ing a huge amount of redundant data, but also to undersampling
of dynamically active pixels causing a motion blur. An ANN
must be very complex to be able to process this huge amount of
data (from each pixel in each frame), which is a fundamental
reason why it consumes a large amount of energy and is very
demanding for implementation on edge platforms.

A potential solution to the aforementioned problem is to
replace classical frame-based cameras with event-based came-
ras. Event-based cameras provide a low-power alternative to
frame-based cameras for capturing dynamic scenes. They are
biologically inspired to solve the problem of undersampling and
oversampling. Event-based cameras encode local pixel-wise
brightness changes in asynchronous streams of events rather
than image frames and yield sparse, energy-efficient encodings
of scenes, in addition to low latency, high dynamic range, and

Authorized licensed use limited to: Universita degli Studi di Ferrara. Downloaded on February 10,2026 at 14:11:10 UTC from IEEE Xplore. Restrictions apply.



Output spikes

Spiking Neural Network
Event-based camera

Tty

Classification

66068

\

QQ000 03

|
|

= Artificial Neural Network
Region of Interest

Fig. 4: Proposed concept of combined SNN-ANN accelerator for vision applications employing event-based camera

lack of motion blur, representing an excellent solution for video
monitoring applications.

However, connecting event-based cameras to ANNSs is
challenging as it requires the conversion of a stream of events
into pixel values, which is a very complex task for a large
number of pixels. The solution to this problem comes from the
emerging brain-inspired SNNs that offer compelling features.
SNNs are ideal for processing the output of event-based
cameras because they share a fundamental event-driven nature,
making them highly compatible with the sparse, temporal, and
asynchronous data produced by such cameras. Moreover, due
to their event-driven nature and the use of spikes for data trans-
fer, SNNs are promising more energy-efficient computation
and communication. At the same time, with current technology
ANN:Ss are better suited for object recognition due to their ability
to learn complex hierarchical features, their efficient training
algorithms (e.g., backpropagation), and their scalability with
large datasets.

Thus, the combined SNN-ANN approach utilizes the SNN
as a natural match for event-based sensory data pre-processing,
while the ANN can take advantage of more stable training
dynamics and faster convergence, resulting in greater task per-
formance. The goal is to achieve ANN-like performance at a
drastically-reduced power budget.

B. Proposed Solution — A Hybrid Adaptive Neural Network
Accelerator Combining SNN and ANN

We propose a hybrid neural network model that combines
SNNs and ANNs in a hybrid Al system, taking advantage of the
best of both concepts, and leveraging their synergy to develop
an ultra-low-power edge-compatible processing pipeline for
video monitoring applications. The proposed concept is based
on the expertise of the University of Manchester in SNNs and
the University of Ferrara in ANNS, and it is depicted in Fig. 4.

The hybrid SNN-ANN approach is a unique new advance
over the state-of-the-art, where design and optimization of the
whole event-based acquisition and processing pipeline is still in
the early stage, and synergies between SNNs and ANNSs for the
sake of ultra-low power operation have not been extensively
investigated. To the best of our knowledge, several prior works
have analyzed the hybrid SNN-ANN architectures for vision
applications [20-22], but they have not addressed the multi-
domain adaptation scenarios.

This dual-stage pipeline uses the SNN for rapid region-of-
interest identification and activation rate control of ANN, while
the ANN handles deeper analysis. Therefore, the input temporal
information can be effectively extracted by leveraging the
asynchronous computing capabilities of SNN, while the ANN

enables trouble-free training and implementation on standard
machine learning hardware.

The basic idea of the proposed approach is to use the event-
based camera to generate asynchronously a series of events and
feed them to the SNN. The SNN analyzes the events and
determines the image portion that is dynamically active at any
given point in time. Then, only the events corresponding to
pixels in that small “region of interest” of the image are
converted into pixel values (such conversion is not an issue
since the number of pixels is small). The pixel values are then
fed to the ANN for inference. Thus, the ANN processes only
the pixels determined by the SNN, enabling to capture the
dynamics of the input. Also, the SNN may decide at which
frequency the ANN should be activated, for instance at high
frequency in high-dynamic-range scenes.

By pursuing the efficient integration of ANN and SNN and
mitigating their individual shortcomings, the proposed pro-
cessing pipeline offers the following key advantages:

a) As ANN is intended to process only a small part of the
image, it can be of low-complexity, consuming a small
amount of energy.

b) As SNN is intended to control the ANN instead of
independently solving the problem of video monitor-
ing, it can also be of very low complexity, overcoming
the historical concern associated with their training at
large scale.

As a result, the hybrid processing pipeline supports a two-

fold adaptivity dimension:

o Adaptivity in space, since the SNN points to the most
interesting part of an image to be further processed by
the ANN.

e Adaptivity in time, since the SNN can understand when
the scene is changing quickly and tune the inference
rate accordingly through direct control over ANN acti-
vation. Otherwise, the inference rate can be kept low.

In addition to the innovative hybrid SNN-ANN concept
with spatial and temporal adaptivity in terms of processing of
input data, we also plan to investigate two additional adaptivity
domains for ANN:

o Adaptivity in terms of data precision by runtime repro-
gramming of ANN weights.
e Adaptivity in terms of reliability through ANN self-
awareness and runtime reconfiguration.
To support the adaptivity of ANN in terms of data precision,
we will investigate various low-bit quantization models for
ANN weights. In terms of reliability, we will investigate the on-
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chip sensing and runtime reconfiguration for a multi-core ANN
accelerator. Additionally, to enhance the neural network train-
ing process, we will investigate innovative approaches for
automated tuning of neural network hyperparameters, taking
into consideration the impact of hardware constraints and low-
bit quantization.

As a proof of concept, we aim to implement the SNN in
software that will be executed on a hard processor embedded in
FPGA, while the ANN will be developed as a separate digital
block and implemented on the same FPGA.

The following provides an overview of the planned research
with respect to tuning of hyperparameters and architecture,
low-bit quantization and reliability of neural networks.

C. Tuning of Hyperparameters and Architecture of ANN

Hyperparameters in neural networks are the settings defined
before training that control the learning process and model
architecture. Some of the key hyperparameters include learning
rate, number of epochs, number of layers and neurons per layer,
and activation function. Proper tuning of hyperparameters is
essential for achieving high performance of neural network
model and avoiding issues like underfitting or overfitting.

One of the main research objectives is to improve the
performance of automated hyperparameter tuning. The basis for
this research is the SymbolicDNN-Tuner developed by the
University of Ferrara [23, 24]. SymbolicDNN-Tuner is an
advanced framework for automated and efficient exploration of
hyperparameters and neural network architecture. Unlike con-
ventional manual tuning approaches, which require substantial
computational resources and expertise, SymbolicDNN-Tuner
leverages Probabilistic Logic Programming (PLP) rules to drive
the tuning process systematically. The tuner integrates Baye-
sian Optimization (BO) with a novel rule-based approach,
where Symbolic Tuning Rules (STRs) are used to dynamically
modify the hyperparameter search space, introduce new hyper-
parameters, and adjust network structure in response to specific
training problems detected during the previous optimization
iterations. Each STR is associated with a Tuning Action (TA)
which has the purpose of updating the search space values or
neural network architecture, guiding the search to a better
model. The probability that each TA will be applied is updated
constantly over tuning iterations, as the system gathers more
training evidence, through Learning from Interpretation (LFI),
a specialized form of Inductive Logic Programming (ILP). This
adaptive approach enables SymbolicDNN-Tuner to refine its
optimization strategies over time, ultimately leading to a more
efficient and resource-effective ANN tuning process. The
workflow of the SymbolicDNN-Tuner is illustrated in Fig. 5
and a more detailed description can be found in [23, 24].

The first research direction towards improvement of hyper-
parameter tuning is related to the integration of hardware-aware
Neural Architecture Search (NAS) into SymbolicDNN-Tuner.
This approach aims to address the real-world constraints such
as inference latency, power efficiency, and hardware compa-
tibility. Traditional NAS methods optimize architectures pri-
marily for accuracy, but in practical deployments, factors such
as computational efficiency and hardware adaptability play a
pivotal role. To this end, the proposed framework will integrate
new modules to evaluate model performance under specific
hardware constraints. A hardware profiler, such as NVDLA,
will be used to compute statistics such as inference latency or
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Fig. 5: Workflow for neural network model optimization using
SymbolicDNN-Tuner

energy consumption for a given model configuration, providing
insights into how the ANN performs on different hardware
setups. Additionally, the study will incorporate a cost function
tied to the physical area of the device. This metric serves as an
additional optimization constraint, ensuring that the final model
is not only computationally efficient but also cost-effective for
deployment on hardware-constrained platforms.

Once the optimized architecture and hyperparameters are
defined, the ANN undergoes training using publicly available
image datasets relevant for applications in object recognition
and motion detection, offering real-world scenarios to validate
the effectiveness of the proposed tuning framework. Following
training, we will study the application of a low-bit quantization
schema aimed at reducing computational complexity without
significantly impairing inference accuracy. These steps are
crucial for deploying the trained model on edge devices and
resource-constrained environments, where memory and com-
putational efficiency are critical considerations.

By adding low-bit quantization for efficient inference and
hardware-aware NAS to the existing SymbolicDNN-Tuner's
automated optimization, this research phase aims to develop a
comprehensive approach for deep learning model optimization.
The proposed methodology should ensure that neural networks
are not only high-performing but also computationally feasible
and adaptable to real-world deployment scenarios, making
them suitable for a broad range of Edge-Al applications.

D. Low-bit Quantization of ANN and SNN

To reduce computational complexity and memory footprint
of neural network accelerators, and thus reduce also the power
consumption, low-bit quantization of neural network weights is
applied. Typically, the quantization converts the standard 32-
bit floating-point representation into fixed-point or integer rep-
resentation with fewer bits (e.g., 16, 8 or fewer bits). However,
quantization degrades the performance of neural networks in
terms of lowered Signal-to-Quantization-Noise-Ratio (SQNR),
as well as a narrowed range of data variance, eventually result-
ing in reduced inference accuracy. Moreover, quantization may
significantly affect the hardware implementation of the neural
network. Therefore, careful selection of low-bit digital formats
is crucial, requiring parameter optimization and thorough per-
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formance evaluation. Leveraging the expertise in quantization
of the Faculty of Electronic Engineering, University of Nis,
various aspects of low-bit quantization, and the impact of low-
bit quantization techniques on SNN and ANN performance,
will be investigated.

One of the key challenges is establishing the relationship
between SQNR and ANN accuracy. Based on prior research by
the team from the University of Nis, it has been observed that
accuracy can tolerate a reduction in SQNR up to a certain
threshold without significant loss. However, when SQNR falls
below this threshold, accuracy experiences a sharp decline. It is
evident that the dependence between SQNR and accuracy
varies depending on the specific ANN architecture and dataset.
To date, this issue has been explored for a relatively small
number of ANN models. Our objective is to expand this
research to a broader range of ANN models and establish more
general conclusions.

The research on quantization effects will address both post-
training quantization and quantization-aware training, allowing
for comparing both approaches on the same benchmarks. As
target models, both SNN and ANN will be considered. In terms
of quantization-aware training, the possibility of integrating the
quantization techniques in the SymbolicDNN-Tuner presented
in previous section will be investigated. Additionally, the
project will explore the combined application of quantization-
aware training and post-training quantization, where quantized
para-meters are used during training and further quantization is
applied during inference to simplify deployment on edge.

Recent studies have demonstrated a significant potential of
quantization to enhance the reliability of ANN accelerators [25,
26]. As quantization reduces the amount of data to be stored in
memory, the number of possible fault locations is also reduced,
thus improving the overall fault-tolerance. However, several
studies have shown that the probability of critical faults is likely
to increase with quantization [27]. Therefore, one of the core
research directions of the project is to analyze the impact of
various quantization techniques on ANN reliability. Moreover,
the joint influence of quantization on both accuracy and relia-
bility will be investigated.

Additionally, we will explore the hardware implementation
of adaptive quantization techniques capable of dynamically
adapting to real-time constraints, such as system complexity,
accuracy, and reliability, by selecting the most suitable
quantization techniques on-the-fly. To this end, we will investi-
gate approaches for efficient storage of neural network weights
and switching between different quantization techniques.

E. Reliability of ANN

To address the requirements of safety-critical applications,
an important research goal is to investigate design solutions for
reliable neural networks. Given that our use case scenario, i.e.,
video monitoring, is essential in many safety-critical applica-
tions, it is important to investigate techniques for enhancing the
reliability of ANN, while also taking into account the perfor-
mance and energy constraints.

Similarly as for any digital system, reliability of a neural
network accelerator can be enhanced by the insertion of redun-
dancy in the design phase. Typical examples are Dual Modular
Redundancy (DMR), Triple Modular Redundancy (TMR), and
Error Detection and Correction (EDAC) codes. However, these
solutions incur significant overhead in terms of area and power

consumption, which is in contrast to the main requirements of
edge Al solutions. Therefore, adaptive fault-tolerant solutions
are essential for edge-oriented neural networks.

A key aspect of research on reliable ANN will be related to
the design of a self-aware and self-adaptive multi-core ANN
accelerator. Multi-core neural network accelerators are gaining
more attention in the context of edge applications because they
offer a compelling balance between performance and energy
efficiency, enabling complex AI workloads to run on the edge
[28-30]. Moreover, multi-core architectures allow for parallel
processing of data from multiple inputs (sensors), which is a
common requirement in edge systems. Additionally, due to
their inherent redundancy, i.e., existence of multiple processing
cores, the multi-core platforms are very convenient for imple-
menting low-cost fault-tolerance measures.

Fig. 6 illustrates the conceptual architecture of a self-aware
and self-adaptive multi-core neural network accelerator. The
system may consist of multiple ANN accelerators with multiple
memory blocks to store ANN parameters and data, as well as
multiple processing cores to control the ANN and run the appli-
cation program. To enable self-awareness, each hardware unit
should be equipped with monitors (sensors) for detecting faults
and tracking the changes in system state. Information from all
monitors is collected regularly and stored in a separate memory.
A dedicated controller is employed to process the data from all
monitors and initiate the required reconfiguration.

The proposed concept is based on the initial design of a
multi-core neural network accelerator introduced in previous
work of THP [19]. This solution employs three neural network
accelerators, which can be configured at runtime in three main
operating modes:

o High-performance: All accelerators operate in parallel,

each executing its own task.

e Fault-tolerance: Multiple accelerators are arranged in N-
modular redundancy settings, such as DMR or TMR,
providing enhanced fault tolerance.

e Power consumption and aging reduction: One or more
accelerators are switched off to reduce power consump-
tion and aging, while the operating accelerators can be set
into high-performance or fault-tolerance mode.

In general, the sensors for monitoring the parameters that
effect reliability (e.g., supply voltage, temperature and work-

monitor data A
monitor data
L [
L [
ANN
accelerator M::.ﬁ Memory for
i n o monitoring
| Monitors | [ Monitors | information
Idata/control Idatalcontrol
< data/control X
Adaptation
control unit
CPU
Monitors |
f monitor data

Fig. 6: Design concept for a multi-core neural network accelerator with
self-awareness and self-adaptivity for maintaining a trade-off between
performance, reliability and power consumption
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load) and sensors for detecting transient and permanent faults
are needed. The sensing logic should occupy minimal area and
introduce minimal power overhead. The sensors should also be
fault-tolerant. To this end, we will investigate low-power, low-
complexity and fault-aware on-chip sensing techniques. We
will also investigate strategies for efficient placement of on-
chip sensors, in order to achieve maximal fault coverage with
minimal number of on-chip sensors.

Furthermore, we will investigate the techniques for efficient
storage and processing of sensing data, and subsequent system
reconfiguration. The goal is to ensure that the storage and pro-
cessing units are fault-tolerant and induce minimal overhead. In
addition, the communication between on-chip sensors and cor-
responding processing logic should not influence the perfor-
mance of the neural network accelerator. For processing of
sensing data and decision on system reconfiguration, we will
study the applicability of lightweight machine learning models
implemented on custom hardware accelerators.

V. CONCLUSION

In this work, the EU-funded Twinning project AIDA4Edge
is presented. As the project is in its first year, we introduce the
scientific concept and general plan for joint research. The project
addresses the design solutions for edge-compatible adaptive
neural network accelerators, with focus on hybrid accelerator
architectures, automated exploration of hyperparameters and
architectures, low-bit quantization, and design for reliability.
The goal is to advance the state-of-the-art in the design of self-
adaptive, energy-efficient and reliable neural network accelera-
tors through a multi-domain adaptation scheme. As a case study,
we aim to develop a hybrid SNN-ANN accelerator for vision
applications employing the event-based camera.
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