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Abstract—The objective of our collaborative multi-partner
project is to create an open-source Deep Learning framework
called AIDGE for edge and embedded Artificial Intelligence
(AI), built around an established European value chain. The
framework is designed to support diverse application domains
that function independently while serving a broad international
community. It offers an integrated, full-stack workflow from
Neural Network design and optimization to AI application devel-
opment and hardware-level implementation with automated code
generation for specific hardware targets. The platform aims to
provide researchers and developers with a flexible environment
to explore novel AI concepts, rapidly prototype solutions, and
ensure strong alignment between academic research and industrial
requirements. This paper summarizes the progress, outcomes,
and milestones achieved up to the second year of this three-year
project.

I. INTRODUCTION

Embedded systems are compact, constrained, and

application-specific computing units that are integrated

into larger systems to perform dedicated control, monitoring,

and automation functions. When Artificial Intelligence (AI)

capabilities are incorporated into these systems, they evolve

into intelligent platforms capable of real-time data processing,

predictive maintenance, and adaptive decision-making [1], [2].

Currently, AI-enabled embedded and edge systems have

become the backbone of a wide range of applications, from

autonomous driving, smart manufacturing, and robotics to

healthcare diagnostics, wearable devices, precision agriculture,

environmental monitoring, and intelligent transportation

networks [3]. By processing data locally, these systems

achieve rapid response times while significantly reducing

dependency on remote cloud servers. This not only ensures

low latency and high reliability but also enhances data privacy

and security by keeping sensitive information within the device

or local network [4], [5].

The NEUROKIT2E project [6] aims to bridge the gap

between AI model development and the implementation of em-

bedded hardware. It delivers an integrated suite of tools called

AIDGE [7] that spans the complete workflow, from designing

and training AI models to generating optimized, standalone

code tailored for resource-constrained hardware platforms. This

comprehensive framework not only accelerates AI deployment

at the edge but also empowers developers to efficiently translate

advanced AI algorithms into practical, real-world embedded

systems.
In the NEUROKIT2E project, we address the challenges

associated with each abstraction layer of the project develop-

ment cycle. For instance, a key challenge is to understand the

application requirements and align them with the constraints

and capabilities of the execution platform. Next, for Deep

Neural Network (DNN) models, one of the main challenges

is to find the right balance between high accuracy and main-

taining computational efficiency. This is because performance

improvements usually demand more resources that can con-

sume higher energy, as well as longer training and inference

times. Moreover, the challenge associated with neural network

mapping on hardware is to perform an effective conversion of

the complex structure of DNN models into hardware configu-

rations that improve performance while using less energy and

resources. The primary challenges in hardware modeling are to

effectively simulate the behavior of hardware while ensuring

the model accurately reflects its key design metrics, such

as latency, energy consumption, area, and leakage. For such

hardware implementations, a challenge lies in translating high-

level designs into physical hardware while providing generic

building blocks, methodologies, and tools that can be reused

across different architecture classes, such as Neuromorphic,

Tensor-based, and programmable systems. In this project, we

address the aforementioned challenges and develop an open-

source framework for embedded edge AI systems that can

support various applications.

II. OVERVIEW OF NEUROKIT2E PROJECT

NEUROKIT2E aims to develop, an open-source AI code

generation framework optimized for both common (CPU, GPU)

and embedded targets. The framework supports a diverse range

of applications, including Electric Vehicles, Digital Society



Fig. 1. Overview of the NEUROKIT2E project.

(Earth Observation and Biometrics), Mobility (Rail Transport),

Health and Well-being, and Smart Buildings. As shown in

Fig. 1, the project’s development workflow encompasses several

key stages: DNN model design and optimization, mapping and

compilation, hardware modeling, and hardware development

and optimization.

The four main objectives of our project are listed below:

• Develop a Unified and Versatile Software Development

Kit (SDK) and Hardware Modeling Framework.

• Develop Innovative Hardware-Aware Machine Learning

Optimization Techniques.

• Address Industrial Challenges for Usability of AI.

• Enable Full-Scale HLS IP Generation.

In this paper, we present the full-stack solutions for AI

embedded edge systems that we are developing as part of the

NEUROKIT2E project. In Section III, we present the details of

DNN modeling and optimizations, followed by descriptions of

neural network mapping to hardware configurations in Section

IV. We address hardware modeling in Section V, describing

key aspects of the hardware simulation environment. In Section

VI, we cover hardware generation and optimization, where

we describe the hardware design implementations. Section VII

concludes the paper.

III. MODELING AND OPTIMIZATION

A. Spiking Neural Network (SNN) Optimization

Spiking Neural Networks (SNNs) are biologically plausible

neural network (NN) models that use spiking neurons as their

fundamental computational units [8]. SNNs are well-known

for their energy-efficiency, making them suitable for edge and

embedded AI applications. In the NEUROKIT2E project, we

explored the optimization of SNNs for embedded systems,

focusing on two main aspects: algorithmic optimizations and

quantization techniques. We reproduced the results of [9] on

the same hand gesture recognition (HGR) task explained in

[9], using time-domain mm-wave radar data. The computa-

tional complexity of the spiking convolutional neural network

(SCNN) model in [9] was improved by algorithmic optimiza-

tions, while retaining high accuracy. An SCNN model contains

SCNN
block

×3 Dense LIFInput Output

Conv2D MaxPool LIF

Expanded view: SCNN block contains
Conv2D, MaxPool, and LIF layers

Fig. 2. Model architecture of the spiking neural network in [9]: three SCNN
blocks (expanded view below), followed by a Dense layer and a final LIF layer.

both standard artificial neural network (ANN) layers (e.g.,

convolutional, pooling, dense) and spiking layers (e.g., leaky

integrate-and-fire (LIF) neurons).

Fig. 2 shows the architecture of the SCNN model in [9] used

for the HGR task. Each SCNN block consists of a convolutional

layer, a max-pooling layer, and a LIF spiking neuron layer.

Input is fed to three consecutive SCNN blocks, followed by a

dense layer and a final LIF layer that produces the output mem-

brane potentials for classification. This architecture was studied

and reproduced with a test accuracy of 98.08%, which is close

to the reported accuracy of 98.45% in [9]. To improve the com-

putational efficiency of the model, a layer-by-layer assessment

of the operations (OPs), such as multiply-accumulate (MAC)

operations and other computations (COMPs), was performed to

determine their impact on overall performance. Table I gives an

overview of the estimated operations per layer in the baseline

SCNN model in [9]. As seen from Table I, the convolutional

layers dominate the computational load, accounting for the ma-

jority of MAC operations in the baseline model. Furthermore,

the first convolutional layer (Conv1) has the highest number

of MACs. Hence, to reduce the computational complexity of

the model, we focused on optimizing the first convolutional

layer. Motivated by MobileNets [10], Conv1 was replaced

with a depthwise separable convolution, which decomposes a

standard convolution into a depthwise convolution followed

by a pointwise convolution. This decomposition reduced the

number of MAC operations in Conv1 from ≈1M to ≈205k

MACs, as shown in Table I. Quantization strategies were

also applied to the optimized SCNN model to further reduce

its memory footprint and computational complexity. For this

purpose, Brevitas [11] was used to perform quantization-aware

TABLE I
ESTIMATED OPERATIONS PER LAYER FOR BASELINE AND OPTIMIZED

SCNN MODELS

Baseline model [9] Optimized SCNN model

Layer MACs COMPs Layer MACs COMPs

Conv1 ≈1M - Depthwise ≈185k -
Pointwise ≈20k -

MaxPool1 - ≈7k MaxPool1 - ≈7k
LIF1 ≈3k ≈2k LIF1 ≈3k ≈2k
Conv2 ≈301k - Conv2 ≈301k -
MaxPool2 - 384 MaxPool2 - 384
LIF2 192 ≈192 LIF2 192 ≈192
Conv3 ≈110k - Conv3 ≈110k -
MaxPool3 - 256 MaxPool3 - 256
LIF3 128 ≈128 LIF3 128 ≈128
Dense 390 - Dense 390 -
LIF4 6 ≈6 LIF4 6 ≈6

Total ≈1.4M ≈10k ≈620k ≈10k



TABLE II
TEST ACCURACY OF DIFFERENT MODELS

Model Test accuracy
Baseline model in [9] 98.08%

Optimized SCNN model 97.86%
QAT of optimized SCNN model 97.93%

Fig. 3. Adapted FastNAS implementation for optimized MLP.

training (QAT) of the optimized model. The weights and acti-

vations of the optimized SCNN model were quantized to 8-bit

integers. Table II shows the test accuracy of the baseline model

in [9], the optimized SCNN model with depthwise separable

convolutions, and the QAT of the optimized SCNN model. As

seen from Table II, even after the algorithmic optimizations and

quantization, the test accuracy of the optimized SCNN model

remains high, with only a slight drop compared to the baseline

model.

B. MLP Optimization for Embedded Device Identification
Based on the feature set and the methodology proposed

by Reinhardt et al. [12], a compact Multi-layer Perceptron

model (MLP) was developed to recognize electrical appliances

based on their power usage data. A multistage optimization

pipeline was implemented to ensure robustness and hardware

efficiency. First, light feature engineering was performed. A

Random Forest model was then trained to serve as a teacher

for knowledge distillation, allowing the distilled MLP to repro-

duce complex nonlinear boundaries within the constraints of

embedded inference.
To further refine the model architecture, FastNAS was ap-

plied to automatically explore network topologies under strict

parameter and latency constraints. Fig. 3 shows our adapted

implementation of FastNAS which resulted in an optimal two-

layer MLP with improved accuracy–efficiency trade-offs. The

original Random Forest model occupied 43 MB, whereas

the distilled and optimized MLP required only 0.02 MB,

representing a 99.95% size reduction. The resulting network

was subsequently quantized to 8-bit integer precision using

the quantization module of the AIDGE framework, enabling

deployment as a standalone C++ model in an embedded device

and achieving substantial memory reductions with slight per-

formance degradation. This workflow demonstrates an effective

path from data preprocessing to quantized deployment, enabling

efficient device recognition performed on resource-constrained

embedded platforms.

IV. MAPPING AND COMPILATION

A. Multi-Core Mapping Flow
SENeCA [13] (Scalable Energy-efficient Neuromorphic

Computer Architecture) is a memory-dominated, event-driven

processor built from clusters of cores that combine a RISC-

V controller, SIMD Neuron Processing Elements (NPEs), loop

buffers, and a NoC for fine-grained dataflow. Its event-driven

nature means computation is triggered by sparse, meaningful

events rather than by dense frame copies, which both enlarges

the mapping design space and changes the cost metrics: peak

memory provisioning is traded for run-time communication,

and optimal mappings depend strongly on event sparsity and

temporal locality.

The mapping space is therefore multidimensional: partition

granularity (single layers vs. clustered subgraphs), node place-

ment onto cores, NoC routing and multicast grouping, intra-

core scheduling and vectorization (RISC-V versus coprocessor

microcode), and temporal strategies (static tiling vs. profile-

guided remapping). Each axis interacts with hardware con-

straints (local SRAM budgets, vector width, NPE count) and

KPIs (latency, energy, memory, NoC utilization), producing an

exponentially large, data-dependent search space that requires

hybrid analytic, heuristic, and constrained optimization tech-

niques.

At the system level our flow performs three coordinated

steps: (1) partitioning — cluster tightly coupled nodes to

minimize inter-core traffic while balancing compute load (Boost

Graph Library); (2) placement and routing — solve a con-

strained MILP (Google OR-tools) augmented by heuristics to

map clusters onto cores and generate NoC routes and multicast

groups under topology, bandwidth and latency constraints; and

(3) scheduling/codegen — employ Timeloop to explore intra-

core tilings, loop orders and vectorization choices and emit

template-based C and micro-code that respect local mem-

ory and co-processor capabilities. Objective functions expose

Pareto tradeoffs (latency vs. energy vs. area) and support

profile-guided pruning to focus search on mappings that match

observed event statistics.

At the core level, mapping refines operation ordering, loop

nest transformations, and vectorization across neuron/state and

weight dimensions, exploiting the dual RISC-V/loop-buffer

control to minimize data movement and maximize reuse.

Finally, this multilevel mapping flow is integrated into the

NEUROKIT2E / AIDGE toolchain, using hardware models in

Section V to drive automated, profile-guided mapping and code

generation —bridging algorithm design, architecture modeling,

and deployable edge-AI implementations.

B. Flexible DNN Mapping Model for Dataflow Architectures

The method of mapping a deep neural network (DNN) onto

a hardware architecture is crucial, as it significantly influences

the energy consumption and overall latency of the system. In

this work, we propose a flexible mapping model for deploying

DNNs on NoC-based dataflow architectures. This model aims

to optimize the rapid implementation of DNNs while improving

their adaptability to different dataflow schemes [14], such

as Row Stationary, Output Stationary, or Input Stationary. It

simplifies the mapping process to provide an accurate estimate

of key performance indicators, including performance, power

consumption, and area occupancy (PPA).

The mapping model operates at an abstract level (Fig. 4),

requiring only architectural dimensions (memory capacity,

parallelism degree, dataflow configuration). Similarly, for the



Fig. 4. Mapping model for different dataflow schemes.

DNN, only layer dimensions and types are needed, not the

actual weight values. The model provides a simple interface

for specifying mappings through dimension vectors and loop

orderings, which naturally describe data movement patterns

within the architecture. From these high-level specifications,

the model generates comprehensive action count reports that

quantify Multiply-Accumulate (MAC) and accumulation oper-

ations, memory access patterns, and per PE data requirements.

These reports enable benchmarking and comparison of differ-

ent mapping strategies to identify optimal configurations for

specific layers and dataflow schemes.
The proposed generic mapping model offers great flexibility

for analysis and optimization, supporting various dimensions

and types of dataflows. It is independent of specific architec-

tural implementations, DNN models, and dataflow types. This

abstraction reduces the complexity associated with deep nesting

and parallelism between multiple data types, thereby reducing

the modeling time for large-scale applications.
This model will then be integrated into a hardware/software

exploration and co-optimization tool, enabling the design of

high-performance architectures that effectively balance latency,

power, and area constraints for each layer of a DNN.

C. Hardware-aware Neural Architecture Search (HW-NAS)
Manually adapting the definition of the DNN for an em-

bedded HW target may lead to suboptimal KPIs. This is

particularly true for industrial image processing AI applica-

tions relying on sophisticated DNN architectures with a huge

design space. To ensure optimized alignment between the DNN

architecture and the HW constraints, Hardware-aware Neural

Architecture Search (HW-NAS) methods have been developed

to automatically optimize DNN architectures [15].
Unlike previous works [16], we developed an HW-NAS

method that, for the first time, takes HW constraints into

account within an Incremental Learning context through Multi-

Objective Optimization as illustrated in Fig. 5 [17]. The re-

sulting optimized DNN architectures show better compatibility

with HW constraints, e.g., 75% fewer parameters as illustrated

in Table III, and achieve a 65.8% higher accuracy than a

traditional genetic NAS flow [18]. Furthermore, by design,

our SEENAS flow provides accuracy, stability, compatibility

with multi-objective optimization, and limited-expansion up-

date strategies. Future work will further optimize the DNN ar-

chitecture using the available AIDGE framework optimizations.

V. HARDWARE MODELING

A. Computation-in-Memory (CIM) Accelerator Modeling
A single CIM accelerator combines a Resistive RAM

(RRAM) crossbar with peripheral circuits to perform vector-
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Fig. 5. Our SEENAS flow introduces a flexible updatable DNN search space
for Multi-Objective Optimization (MOO) Incremental Learning HW-NAS.
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matrix multiplication (VMM) within memory [19]–[25]. The

architecture and dataflow are depicted in Fig. 6, where weights

are stored as RRAM conductances, while digital inputs are

converted to analog voltages applied across crossbar rows.

Each RRAM cell conducts a current proportional to its stored

weight, and summed column currents represent partial MAC

results. These currents are captured by Sample-and-Hold (S&H)

circuits, digitized by ADCs, and accumulated over bit-serial

cycles to produce the final output [26]–[33]. Designing a CIM

accelerator requires navigating a large and complex design

space with many configurable parameters spanning device,

circuit, and architectural levels, as illustrated by the numbered

design choices in Fig. 6. Accurate modeling of analog effects

such as IR drop and device variation is essential to produce

valid results. Therefore, fast, modular, and accurate simulation

tools are needed to explore this design space effectively.

To address these requirements, we implemented a behavioral

RRAM crossbar model with full device fidelity by directly

porting the complete JART physics into C++. This model is

integrated with peripheral circuits using SystemC to enable

accurate dataflow and cycle-accurate timing simulation. The

simulator executes a custom instruction set, parsed by SystemC,

TABLE III
OBTAINED PERFORMANCE ON CIFAR-100 AND ON A NVIDIA TITAN V
GPU DEPENDING OF THE HW CRITERION TO OPTIMIZE, ALONGSIDE THE

ACCURACY CRITERION.

Optimized
Ā Af

Params Efficiency Latency Power
HW criterion (M) (GFLOP/s) (ms) (W)

None 64.23 51.03 14.5 997 15 67.1
# params 66.27 51.71 3.5 164 18.9 54.7
GFLOP/s 64.75 50.37 15.06 1266 17.9 66.4
Latency 65.60 49.7 13.5 687 12.6 61.9
Power 65.20 51.94 3.7 343 17.3 55.3

Best vs None
+3% +1.7% -75% +27% -16% -18.4%

improvement
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Fig. 7. Design space exploration results (a) latency vs clock frequency for
different ADC sharing ratios and (b) Pareto-optimal area-latency front.

while a code-generation tool creates flexible instruction se-

quences for customizable dataflows. For precise latency, energy,

and area estimation, NeuroSIM is integrated into the workflow.

This combined approach enables efficient evaluation of diverse

design parameters across device, circuit, and architecture levels.

As a demonstration of the tool’s capabilities, we conducted

a small-scale design space exploration across differently-sized

VMM kernels on a 128×128 crossbar. Fig. 7 shows frequency-

latency trade-offs for varying ADC sharing configurations and

area-latency Pareto fronts across ADC sharing and clock fre-

quency settings.

B. Multi-Core Dataflow Simulator

Event-driven architectures for neuromorphic computing are

highly sensitive to data dynamism, where input characteris-

tics directly drive computational patterns and resource uti-

lization. Unlike conventional neural network accelerators with

predictable dataflows, event-driven systems exhibit workload-

dependent behavior that makes static mapping strategies inher-

ently inefficient, leading to suboptimal resource utilization and

unpredictable performance. This requires accurate simulation-

based performance estimation to guide architectural design and

optimize mapping strategies. Furthermore, integrating hardware

simulation within the training pipeline enables co-optimization

of both algorithmic and architectural parameters, facilitating

the development of hardware-friendly models that incorpo-

rate design constraints such as event-dropout mechanisms and

memory-aware scheduling policies. To address these require-

ments, we developed SeNSim (Scalable Neuromorphic Simu-

lator), a fast, scalable, and highly configurable cycle-accurate

simulator for multi-core event-driven processors. The simulator

models a Spark architecture, where each core comprises a

controller, an address generation unit, and a compute engine

with configurable processing elements. These elements operate

with dedicated local weight and neuron state memories while

sharing access to global memory through a parameterizable

Network-on-Chip interconnect.

The simulator employs a multi-stage pipeline architecture

that explicitly models temporal dependencies inherent in event-

driven neural network processing. As input events traverse

the processing hierarchy, the system maintains dependency

ordering to ensure correct execution semantics while capturing

the impact of memory access patterns, computational latencies,

and inter-core communication on overall performance. The

framework provides comprehensive instrumentation for analyz-

ing architectural bottlenecks, including memory subsystem uti-

lization, processing element efficiency, and network contention

effects. This dependency-aware execution model enables quan-

titative analysis of how different scheduling strategies, par-

ticularly depth-first execution policies, affect critical metrics

such as memory footprint, processing latency, and energy

consumption. The simulation infrastructure generates detailed

performance statistics that facilitate the architectural design

space exploration and optimization of dataflow scheduling

algorithms for event-driven neuromorphic computing systems,

enabling rapid iteration during both algorithm development and

hardware design phases.

VI. HARDWARE GENERATION AND OPTIMIZATION

A. Higher-Level Synthesis (HLS+)

High-Level Synthesis (HLS) is a design methodology that

enables the automatic conversion of high-level algorithmic

descriptions, typically written in languages such as C, C++,

or SystemC, into hardware descriptions suitable for implemen-

tation on digital circuits like FPGAs or ASICs.

HLS allows engineers to describe what a system should do,

rather than how it should do it (as is the case in HDLs lan-

guages), significantly improving productivity and abstraction.

In modern digital system design, HLS has become an essential

technology, particularly in domains such as signal processing,

machine learning acceleration, and embedded systems. As

hardware complexity continues to grow, HLS offers a promising

path toward bridging the gap between software-level algorithm

design and efficient, high-performance hardware implementa-

tion.

In this project, we explored an even higher abstraction level,

i.e. HLS+, starting from a description of the DNN architecture

in ONNX or MLIR (Machine Learning Intermediate Repre-

sentation) format, bypassing the description in C/C++. This

allowed us to easily synthesize RTL code without the extensive

manual interventions required to provide information at the

structural and parametric level. As a result, we are now able to

synthesize MobileNet1 for CEA’s NeuroCorgi [34] - a fixed-

weight, dataflow architecture - starting from a very high-level

description, typically in ONNX or JSON using the CorgiBuilder

of the AIDGE framework.

B. CIM Optimization on Read-disturb

RRAM enables CIM architectures that mitigate data-transfer

and energy bottlenecks in von Neumann systems by executing

multiply-and-accumulate (MAC) operations within memory

arrays, offering substantial throughput and power efficiency

for edge AI applications [35]–[40]. However, repeated reads

induce read-disturb effects that gradually shift cell conductance,

accumulating drift that degrades computational precision and

long-term reliability in analog MAC operations [41], [42]. Tra-

ditional mitigation scheme employs fixed, periodic reprogram-

ming intervals to restore device conductance levels; however,

this approach demands extensive read-cycle tracking using large

hardware counters and often triggers unnecessary refresh op-

erations, leading to considerable energy and area overhead. To

overcome these issues, a real-time, circuit-level read-disturb de-

tection methodology was introduced in [43], which dynamically
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Fig. 8. (a) Proposed read-disturb detection circuit implementation and (b) Simulated transient response of the detection circuit due to the ratio drop.
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identifies when reprogramming is essential by continuously

monitoring variations in the high-/low-conductance state ratio

across selected RRAM cells and activating reprogramming only

when conductance drift exceeds a threshold.

Experimental RRAM measurements were used to calibrate a

behavioral model for SPICE simulations of the proposed detec-

tion circuit in TSMC 40 nm CMOS technology, and as shown

in Fig. 8, the experimental–simulation co-validation verifies

accurate read-disturb event detection with reduced redundant

refreshes; overall, the method improves energy efficiency up

to 4× and enhances reliability in RRAM-based CIM systems

compared to conventional periodic reprogramming.

C. Non-Linear Time Coding (NTC) Hardware Accelerator

Non-linear Time Coding (NTC) processing paradigm con-

sists of converting inputs into the time domain, as PWM-like

signals with an active time that depends on the input value, by

combining the number of active inputs per clock cycle to select

and accumulate weights. This process has a computation time

that is affected solely by the input range and precision, with

higher efficiency when a large amount of low-precision inputs

are being processed. For applications such as image processing,

many DNN models include spatial filters that process the same

inputs to compute overlapping kernels and different output

channels. A more optimal implementation of the NTC hardware

accelerator for this type of layers will require an array-like

architecture that can take advantage of the already stored data

to perform in parallel several of these computations.

As part of [44] and to contribute to the NEUROKIT2E

project, a parametrized hardware accelerator, written in Sys-

temVerilog, was implemented in order to perform spatial filters

TABLE IV
IMPLEMENTATION OF NTC CORE IN MPSOC ZYNQ ULTRASCALE FPGA

AT 187 MHZ.

CLB LUTs CLB Regs. CARRY8 F7 Muxes F8 Muxes

Param. buffers 17583 5152 0 104 0
PE Array 15189 16794 864 1152 384

Scale Units 11514 4892 16 827 34
Core Total 54973 28820 883 2912 610

using the NTC algorithm, as shown in Fig. 9. This NTC-

based hardware core contains buffer registers, composed of

two flip-flops, that store inputs and parameters for the current

computation while the next batch of data is being loaded.

Independent ports and buses are present to allow parallel data

transfers to minimize idle times between processing cycles

when loading several inputs and weights. After the computation

is over, Scale and ReLU units convert the NTC results into the

input precision that, together with pad filling at the output stage,

enable a direct use of the core’s output in following layers using

the same or similar accelerator.

The NTC core SystemVerilog’s description is technology

independent and can be seamlessly synthesized in any of the

digital nodes or FPGA technologies. This implementation, with

kernel size of 3× 3 per PE and 8× 6× 6 parallel outputs, can

run up to 187 MHz and approximately uses 46% of the FPGA

host logic resources. Table IV shows the detailed resource

usage of the NTC accelerator and the contributions of its larger

sub-modules. This design could be further reduced in size by

optimally using the FPGA hardware primitives and memory

resources, as well as removing registers and logic designed for

debug-only purposes.

VII. CONCLUSIONS

This paper has presented the key concepts, technical de-

tails, and current advancements achieved toward the end of

the second year of the NEUROKIT2E project. The work

has demonstrated a set of full-stack methodologies aimed at

accelerating the development of AI-enabled edge systems and

establishing an open-source framework for AI code generation.
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