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Abstract

Traditional artificial intelligence (Al) solutions are of-
ten high-SWaP (Size, Weight, and Power), data hungry, and
lack the efficiency, resilience, and autonomy exhibited by
biological intelligence. As a consequence, autonomous and
cognitive agents suffer from various technical bottlenecks
precluding their widespread use. Neuromorphic computing
offers the potential to develop learning machines that per-
ceive, adapt, and learn continually.

In this paper, we survey the state-of-the-art in neuro-
morphic intelligence, including advances in spiking neural
networks (SNNs), emerging brain-inspired hardware plat-
forms, supporting software stacks, and representative ap-
plication domains. Key to these advances are deployment
pipelines for development, evaluation, and testing of solu-
tions. Thus, in parallel, we further present a preliminary
FPGA-based deployment pipeline for both artificial neural
networks (ANNs) and SNNs. This approach not only pro-
vides a practical low-SWaP alternative for edge Al but also
enables head-to-head benchmarking of neuromorphic solu-
tions against conventional neural models on reconfigurable
hardware. Together, these perspectives define a roadmap to-
ward robust, low-power cognitive systems capable of real-
world autonomy across embedded and constrained environ-
ments.

1. Introduction

Artificial intelligence (AI) solutions are the result of com-
plex algorithms where abilities general grow with compu-
tational complexity and scale and size of the data explored
[3]. With traditional von Neumann hardware, these increas-
ing abilities come with increasing power consumption de-
mands [15, 28]. For example, a training a large deep model
can have megawatt scale power demands [33].
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Such concerns and limitations are exacerbated in edge
applications, where power, hardware, and software con-
straints critically drive capabilities. One key example is
how complex and accurate computer vision systems might
have high latency while requiring significant data storage
and power needs. Such limitations possibly precluding edge
application, e.g. smartphone or unmanned aerial vehicle
(UAV) or limit their usage time. Traditional solutions in-
clude making more compact, but less accurate, algorithms
for the edge, e.g. [12, 35].

Neuromorphic computing has emerged as a new compu-
tational paradigm inspired by the brain, aiming to overcome
the limitations of traditional Al hardware. In contrast to von
Neumann approaches, neuromorphic architectures imple-
ment spiking neural networks (SNNs) with asynchronous,
event-driven signaling, plus tightly collocated memory (as
synaptic weights), enabling continuous real-time operation
with sparse spikes. This paradigm shift trades traditional
von Neumann sequential computation for massive paral-
lelism and memory-in-situ, much like biological neural tis-
sue, with the potential of faster computation and dramati-
cally lower power consumption [26].

Motivating applications span the edge, internet of things
(IoT), and mobile domains: neuromorphic processors ex-
cel at always-on sensory processing and on-device learning,
where energy or latency is critical. While symbolic Al ap-
proaches from the past are brittle for real-world perception,
and deep learning’s data-driven methods deliver high accu-
racy at high cost, neuromorphic computing offers a third
path through brain-like SNNs which can potentially learn
in real time through local plasticity and exploit sparse tem-
poral patterns, potentially enabling general-purpose Al that
is continuously adaptive yet far more efficient.

This paper explores the four pillars of neuromorphic re-
search: hardware (including vision, auditory, olfactory and
other event-based sensors, as well as spiking ASICs and in-



memory neurosynaptic chips), theory (spiking neuron mod-
els, neural coding and learning rules like STDP), software
(development frameworks and training methods for SNNs),
and applications (edge/IoT sensing, robotics, etc.). Key is-
sues in this domain remain, including developing and de-
ploying algorithms,

Demonstration is further given on a novel deployment
and evaluation of a deployment pipeline of neural networks
on FPGA. To validate the pipeline, we designed and tested
three neural networks of increasing complexity. These re-
sults lay strong foundation for future work in head-to-head
benchmarking of conventional edge Al models and neuro-
morphic platforms.

2. Background

Neuromorphic computing draws on biological and histori-
cal inspirations with the term coined by Mead in 1990 to
describe VLSI circuits that mimic neural systems [26]. This
work heavily focused on analog silicon sensors and sys-
tems, exploiting transistor physics for adaptive, low-power
sensing and processing applications. Central to these are
spiking behaviors (event-driven and/or spiking neural) and
synaptic plasticity, both inspired by the sparse and com-
plex biological neuron processes. Biological neuron mod-
eling developed simplifications that describe neuron com-
munication processes, such as leaky integrate-and-fire or
more complex Hodgkin—Huxley dynamics. In such sys-
tems, synapses store weights and adapt based on activity
as seen in the spike-timing-dependent plasticity (STDP)
model whereby a synapse’s strength when pre- and post-
synaptic spikes occur in close succession [16]. Neuromor-
phic computing often incorporates variants of STDP for on-
chip learning [21]. However, in practice, both the hardware
and software both use simplified models (e.g. LIF neurons
with linear leaky dynamics) of complex biological neurons
for efficiency and practicality [33].

The brief history of neuromorphic computing begins
with the analog computing VLSI chips of the 1980s and
extends to the current generation of both analog and digital
methods, as well as recent advances in neuromorphic pho-
tonics. Early neuromorphic concepts employed transistor
physics for neuron-like integration operations with a focus
on sensor applications [31]. These sensors further focused
on emulating biological sensing and includes silicon retina
cameras for vision, silicon cochleae for hearing, and chem-
ical noses [31]. These designs were notably power-efficient
but sensitive to noise and fabrication variability. Beginning
in the 1990s, developments in asynchronous address-event
representation (AER) and STDP learning approaches were
made to make more extensive computational spiking neural
networks possible [21]. These advances, coupled with de-
velopments in spiking neural networks [ 18] made necessary
algorithmic foundations for neuromorphic computing. Be-
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ginning in the 2000s, large investments began to be made in
neuromorphic processors, e.g. TrueNorth and Loihi, with
support for large numbers of simple spiking neurons with
asynchronous, event-driven operation [8, 10, 26].

In addition to further hardware advances, recent innova-
tions have been on software and algorithms. Notably, spik-
ing neural network algorithmic libraries lag traditional neu-
ral network libraries in scope and applicability [20]. Fur-
ther difficulties in training algorithms for spiking operations
abound, largely due to the nondifferentiability of spiking
operations, have led to mappings from traditional neural
networks to spiking and surrogate-gradient methods to en-
able algorithmic development [21].

Despite these advances, further gains are possible as seen
in the development of neuromorphic photonics methods
which provide additional gains in computational speed, but
are currently highly theoretical and not miniaturized [25].
Neuromorphic photonics combines neuromorphic comput-
ing principles (such as spiking neurons and parallel, event-
driven processing) with light-based (photonics) hardware to
achieve ultra-fast and energy-efficient computation. A gen-
eral comparison of computing paradigms by computational
speed and efficiency is seen in Fig 1.
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Figure 1. General comparison of computing paradigms by com-
putational speed and efficiency, adapted from [11, 22].

3. Key Issues in Neuromorphic Computing

While neuromorphics offer promises of advantages in
adaptability and energy efficiency, the field faces numerous
challenges across hardware, theory, software, and applica-
tions. Below we detail the key issues in each area.

3.1. Hardware Challenges

Hardware challenges exist in availability, use, and scale
when compared to traditional von Neumann processors.



Neuromorphic imaging systems have relatively coarse pixel
arrays and limited color capability, resulting in lower visual
fidelity and clarity than conventional high-definition cam-
eras [36]. Achieving higher resolution in event sensors is
costly and can introduce latency or data loss, and they re-
main sensitive to noise (especially in low light) and it is
on-trivial to integrate their data into existing, frame-based
vision systems [34].

Similarly, specialized neuromorphic chips currently op-
erate at a much smaller scale than mainstream computing
hardware. Typical designs, like Intel’s Loihi-2 or IBM’s
TrueNorth, contain less than one million spiking neurons
per chip, while a significant achievement the scale is still
modest compared to modern deep neural networks and pre-
clude their use for many applications/demonstrations [30].
Because of size and connectivity limits, today’s neuromor-
phic hardware cannot yet match the complexity or capacity
of GPU-accelerated neural networks [3]. Moreover, most
neuromorphic chips are research prototypes or niche prod-
ucts. When consideration neuromorphic photonics, the sys-
tems are even more prototypical in nature [11, 25]. In total,
his means neuromorphic hardware is not widely available
or standardized.

3.2. Theoretical and Algorithmic Challenges

A fundamental challenge in neuromorphic computing is the
lack of consensus on how best to model neurons and encode
information. There are many spiking neuron models (leaky
integrate-and-fire, Hodgkin—Huxley, Izhikevich, etc.), each
balancing biological realism against computational simplic-
ity. It remains unclear which level of detail is necessary or
optimal for useful computation — simpler models are easier
to implement in hardware, but more complex models might
capture functionalities that simpler ones miss. Very limited
work exists in benchmarking and comparing these models
[19]. Likewise, neural coding in spiking systems is not fully
understood: brains may encode information in precise spike
timings, spike rates, or combinations of both. SNNs can
leverage temporal codes (exact spike sequences and laten-
cies) or rate-based codes (average firing rates over time),
but there is no general theory for which coding scheme to
use for a given task.

Perhaps the greatest theoretical hurdle is learning in
spiking networks. Traditional deep learning relies on gradi-
ent backpropagation, which is hard to directly apply to spik-
ing neurons because spikes are non-differentiable events.
While STDP enables unsupervised or self-organizing learn-
ing in SNNs, it alone is not sufficient for training deep
SNNs to perform complex, large-scale tasks. Developing
effective training algorithms for SNNs is an active research
area, but no approach has become a clear standard. Meth-
ods can be grouped into a few categories: (1) ANN-to-SNN
conversion, where a standard artificial neural network is first
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trained with backpropagation and then converted to a spik-
ing equivalent; (2) direct training with surrogate gradients,
where one defines a differentiable approximation of spike
activation to allow backpropagation in SNNs; (3) reward-
based or unsupervised local learning (including STDP vari-
ants, spike-based reinforcement learning, etc.) [23]; and (4)
generative models for combined data and algorithm gener-
ation [2]. But, each approach has drawbacks. For example,
converting a deep ANN to an SNN often results in some loss
of accuracy [5] and surrogate gradient training is computa-
tionally expensive when compared to standard ANN train-
ing [23].

3.3. Software and Ecosystem Challenges

Because neuromorphic computing draws on multiple disci-
plines (neuroscience, electrical engineering, computer sci-
ence, etc.), there is further a steep learning curve for new
practitioners [5]. This general unfamiliarity means fewer
developers contributing neuromorphic code or applications,
and less shared repository of best practices. As a result,
the developer community and support resources for neu-
romorphic computing are small compared to the explosive
growth in the deep learning community. This issue is self-
reinforcing: without clear success stories or widely avail-
able hardware, few people learn neuromorphic engineering;
but without a critical mass of developers, it’s hard to cre-
ate the success stories or software tools that would grow the
field.

The software and hardware ecosystem for neuromor-
phic computing is far less developed than that for standard
Al models (including deep learning). There is a shortage
of well-supported development frameworks, programming
languages, and tools tailored to spiking neural networks and
neuromorphic hardware [20]. In many cases, researchers
still use conventional Al libraries (e.g. PyTorch or Ten-
sorFlow) with custom modifications to simulate SNNs, or
they rely on specialized research simulators (Brian, Nengo,
SpiNNaker’s API, etc.) that are not widely known out-
side the neuromorphic community. Beyond these issues,
neuromorphic algorithms should not just leverage concepts
from traditional AI algorithms but fully embrace the data
and structure unique to these systems as seen in the Spiking
ResNet [32]

Notably, most algorithms for neuromorphic systems are
still implemented on von Neumann machines using soft-
ware not originally designed for asynchronous spiking com-
putation and then simulated or ported to neuromorphic de-
vices [5]. The pipeline to developing spiking neural algo-
rithms is not seamless and can lead to loss in accuracy or
efficiency [5]. Critically, while challenge problems exist,
there are few established common benchmarks, datasets,
and challenge problems that could drive progress in the way
benchmarks like ImageNet did for deep learning [5].



Additionally, neuromorphic vision sensors (e.g., dy-
namic vision sensors) have begun to see limited commer-
cialization, other bio-inspired sensory modalities such as
silicon cochleas and electronic noses remain largely un-
available as commercial products. Similarly, extending
these concepts to other sensing modalities (multispectral or
radio frequency) is uncommon. When sensors for other
modalities are explored, these systems are often confined
to academic prototypes or laboratory-scale implementa-
tions, with limited accessibility, inconsistent interfaces, and
little to no industry-standard packaging or supply chains
[14, 17, 27]. While their development remains a subject
of active research, particularly in the context of event-based
auditory and olfactory sensing, their commercial readiness
is currently lacking.

3.4. 3.4. Application and Adoption Challenges

To date, neuromorphic computing has not found a defini-
tive, must-have application that drives its widespread adop-
tion. In deep learning, vision tasks like image recogni-
tion served as killer apps that demonstrated clear superiority
over previous methods and spurred massive investment [9].
Neuromorphic systems, by contrast, have seen only limited
real-world deployment and current applications are mostly
experimental or in niches, such as foosball [6]. There are
many potential applications where neuromorphic solutions
show advantages over tradition methods (autonomous vehi-
cles, robotics, smart sensors, graph search, constraint satis-
faction, controllers, etc.) [9].

However, none have yet proven compelling enough to
pull neuromorphic technology into the mainstream. One
reason is that conventional Al is already performing suffi-
cient in many of these domains; another is that neuromor-
phic hardware and software aren’t mature enough for turn-
key solutions. The absence of a killer app goes hand-in-
hand with the lack of benchmarks: without a high-profile
success to point to, neuromorphic computing remains a so-
lution looking for a problem. However, the key killer app
might not be in massive supercomputing, but perhaps in
ultra-low-power edge computing.

A key issue in all these challenges is that any neuromor-
phic solution must compete with rapidly improving con-
ventional Al hardware. which have enormous industry mo-
mentum and benefit from decades of software optimization.
This dominance means that for many applications, it’s eas-
ier and less risky to use a conventional Al approach than
to attempt a neuromorphic one. Neuromorphic computing
must therefore find scenarios where it offers a dramatic ad-
vantage that outweighs the maturity gap.

4. Future of Neuromorphic Computing

The four challenge areas (hardware, algorithms, software
ecosystem, and application adoption) are deeply interde-
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pendent. Progress will come from coordinated efforts that
cut across these areas.

An important enabler to future neuromorphic maturity is
creating teams or “collaboratives” focused on grand chal-
lenges. This collaborative ethos will accelerate innovation
and prevent siloed development. As neuromorphic comput-
ing inherently spans neuroscience, electrical engineering,
computer science, and materials physics, cross-disciplinary
collaboration is likely key to success. Taken to a logical ex-
treme, this includes creating multi-user neuromorphic fab-
rication and testing facilities [24].

4.1. Open Standards and Interoperability

Establishing open standards is foundational to unifying the
community and accelerating adoption. While this is occur-
ring naturally, the community should converge on standards
for neuromorphic programming interfaces, model descrip-
tion, and data formats to enable cumulative progress. By
exploring interoperability constructs, e.g. [7], we can de-
velop interfaces and deployments across various architec-
tures and systems. For instance, a common programming
API would allow researchers to run the same code on an
FPGA testbed or a custom chip, fostering comparability.
Additionally, standardizing benchmarks is equally impor-
tant and we need to define and publish benchmark tasks
that cover sensor processing, control, and sequential learn-
ing tasks relevant to neuromorphic strengths [21].

These basic and initial steps will provide neutral grounds
to measure improvement across hardware and algorithms.
From this, we should see standardization in more spe-
cialized areas, such as a standard neuron model library
(so hardware can advertise support for a set of standard
neuron types), and maybe standard communication proto-
cols for neuromorphic devices and extensions/integration to
robotics (through ROS) and other applications. Open stan-
dards will also ensure that photonic neuromorphic systems,
when they emerge, can interface with electronic ones.

4.2. Shared Testbeds and Infrastructure

Just as the early internet benefited from shared testbeds,
neuromorphic computing will benefit from open-access
platforms where researchers can evaluate ideas at scale. The
mention of the DeepSouth large-scale FPGA system to be
publicly available in 2025 is a step in this direction [13].
Over the next few years, we should expand such infrastruc-
ture: for example, international neuromorphic research labs
could host neuro-cloud services (Intel’s Loihi cloud is an
early example, allowing researchers remote access to Loihi
boards). Eventually, researchers could run a job on thou-
sands of neuromorphic cores distributed worldwide. These
testbeds would not only accelerate research (no need for ev-
ery lab to build their own hardware) but also help develop
standards and software in a collaborative way. In addition,



shared sensorimotor testbeds, e.g. a fleet of neuromorphic-
enabled robots available for experiments, could unify appli-
cation development efforts similar to how early internet en-
abled controls laboratories improved controller modelling
through system access [1]. Cross-cutting projects might in-
clude a neuromorphic benchmarking lab that continuously
evaluates new hardware and algorithms on a common suite
of tasks, publishing results openly. This can guide the field
by identifying what works best and where the bottlenecks
are.

4.3. Education and Outreach

Developing a skilled workforce and informed user base is a
necessity. In the short term, we need to better integrate neu-
romorphic concepts into university curricula for computer
science, electrical engineering, and neuroscience. This can
include new courses on spiking neural networks, hands-on
labs with neuromorphic kits (possibly FPGA-based), and
interdisciplinary programs. As one strategy, existing Edge
Al and embedded ML courses could incorporate neuro-
morphic approaches, exposing the next generation of en-
gineers to event-driven thinking [21]. Dedicated cross-
disciplinary workshops, hackathons, and competitions tar-
geting students and professionals can spark interest and fa-
cilitate creating thousands of developers proficient in neu-
romorphic tools, reducing one barrier to adoption.

As seen in the annual Global Game Jam [29], such ac-
tivities not only train individuals but also generate publicity
and enthusiasm. Such community engagement can be a key
to driving wider developer interest [21], and must be an on-
going effort. Long-term, the goal is that neuromorphic com-
puting becomes an integral part of the broader Al/computer
engineering education, just as deep learning is today; en-
suring a continuous pipeline of talent and a community that
can maintain and grow the ecosystem.

4.4. Interdisciplinary Collaboration

Since neuromorphic computing inherently sits at the cross-
roads of multiple fields, achieving goals of adoption and use
will require unprecedented cross-disciplinary e.g., [4, 24],
which attributes progress to diverse hardware platforms and
conceptual approaches. Practically, this means forming
teams and consortia that bring together experts from dif-
ferent domains. For example, developing a future photonic
neuromorphic application might involve photonics experts,
neuromorphic algorithm designers, and FPGA engineers
(for intermediate prototypes) working in tandem. Fund-
ing bodies should encourage this by funding larger center-
scale projects with multiple specializations under one roof.
Conferences and journals should continue to welcome in-
terdisciplinary work, a neural algorithm paper should ide-
ally be discussed by hardware folks and vice versa. Cre-
ating common language and metrics across fields is part
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of this enabler; for instance, neuroscientists providing in-
sights on brain computations could inform new computa-
tional paradigms, while hardware constraints can feedback
into theoretical models of what’s feasible.

4.5. Policy, Funding, and Commercial Roadmap-
ping

While not explicitly focused, it’s worth noting that cross-
cutting support also comes from policy and funding ini-
tiatives. Countries and regions should consider neuromor-
phic computing a strategic technology for the next decade
and align research priorities so they have sustained sup-
port. Having a unified agenda can help make the case
for such programs by showing a clear vision. Addition-
ally, open collaboration between academia and industry in
pre-competitive research can de-risk the technology. While
academic research can be focused on research objectives,
commercialization needs roadmaps and a realistic goal of
when neuromorphic chips will reach certain capacities or
cost points.

In summary, the next decade for neuromorphic com-
puting is envisioned as a coordinated advance on multiple
fronts. Early successes in hardware and algorithms will feed
into better software, which will enable broader applications,
which in turn justify further hardware investment. FPGAs
can play an instrumental role throughout as both a devel-
opment accelerator and a bridge to deployment, ensuring
progress need not stall due to hardware availability [13].
By explicitly including FPGAs and photonic technologies
in our agenda, we keep the field flexible and open to in-
novation from many angles. The integrated roadmap calls
for community cohesion: through standards, shared plat-
forms, education, and collaboration, the neuromorphic field
can replicate and learn from the success of the GPU and
Al ecosystem while avoiding some of its pitfalls (such as
fragmentation and closed development).

5. Pipeline to Deploy Neural Networks onto
FPGA

Deploying neural networks, both ANNs and SNNs, onto
an FPGA requires several key steps that bridge the gap
between high-level machine learning models and efficient
hardware implementations. In this work, we develop a end-
to-end pipeline for training and deploying event-based neu-
ral networks on FPGA platforms. As shown in Fig 2, the
proposed pipeline consists of six stages: (1) network design
and training on a PC; (2) weight extraction and quantiza-
tion; (3) automatic conversion of trained models into Ver-
ilog HDL; (4) hardware integration and synthesis using Xil-
inx Vivado; (5) bitstream generation; and (6) deployment
and testing via Vitis.
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Figure 2. Six-stage pipeline to Deploy Neural Networks onto
FPGA cards. S1 stands for Stage 1.

5.1. Method: Individual Steps

The first step of our pipeline (S1) is to train a neural net-
work (either an ANN or SNN) using a high-level frame-
work on a local PC. The network is described using Python
code and trained with data. Once the model is trained and
validated, it is typically exported to an interoperable format
such as ONNX. In this work, however, we export the trained
weights and biases in Memory Initialization File (.mif) for-
mat. Fig. 3 shows the FPGA card used in this work, which
is a Zybo Z7 (Zynq-7000) ARM/FPGA SoC development
board.

Figure 3. The FPGA Zybo Z7 card used in our work.

The next step (S2) is model weight extraction and quan-
tization. Since FPGAs have limited resources and typi-
cally operate more efficiently with fixed-point arithmetic,
it is common practice to convert the model’s floating-point
parameters to fixed-point or other lower-precision formats.
Quantization-aware training can be employed during the
model development phase to help preserve accuracy after
quantization. In this step, the weights and biases are ex-
tracted and quantized for transfer to the FPGA.

In Step 3 (S3), the trained ANN or SNN models are
converted into a hardware description language (HDL) for
FPGA implementation. This conversion can be carried out
either manually or through automated tools. For automated
workflows, High-Level Synthesis (HLS) tools enable devel-
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opers to express the network’s inference logic in C/C++ or
SystemC, which is then automatically translated into HDL.
In our work, we use Verilog as the target HDL. We adopt
a manual Verilog-based approach for simple networks and
leverage automated toolchains for deploying larger, more
complex models. Fig. 4 shows a segment of Verilog code
that describes the structure of one of our networks.

ed [31:8] h [B:HIDDEN_SIZE-1];

ned [31:@8) ace_h [@:HIDDEN_SIZE-1];
[31:8] acc_out;

ned [31:8) mule [@:HIDDEN_SIZE-1], mull [@:HIDDEN_SIZE-1];

@(posedge clk) begin
0 i =@; 1 « HIDDEN_SIZE; i = i + 1) begin
mule[i] <= $signed{inl) * w_hidden_8(i];
mullli] <= $signed(in2) #* w_hidden_1[i];
end
end
alw @(posedge clk) begin

= @; i < HIDDEN_SIZE; i = i + 1) begin
acc_h[i] <= mulB[i] + mull[i] + b_hidden[il;
h{i] = (acc_h[i] > @) ? acc_h[i] : 32'd®; // shift down to prevent overflow
$display("h[%ed] = %d", i, h[il);

end

Figure 4. Sample Verilog code illustrating a portion of a network
description.

The network designed in Step 1 and its hardware-
translated version from Step 3 are synthesized, placed, and
routed onto the FPGA in Step 4 (S4) using Xilinx Vivado.
Fig. 5 shows a block diagram of the overall FPGA setup.
The zoomed-in “RTL” block represents our neuron mod-
ule, named XOR_ann_0. This neuron has two inputs and
one output and was specifically and manually instantiated
in the block diagram. Its structure is defined by the Verilog
code generated during Step 3.

ni[70]

n2{7:0]

Figure 5. Illustration of a block diagram generated using Vivado.

For this simple neuron, input signals are delivered via
General-Purpose Input/Output (GPIO) blocks, as specified
in the design. For larger input data (e.g., images), input
will instead be provided through a Direct Memory Access
(DMA) block. The entire process culminates in the genera-
tion of a bitstream in Step 5 of our pipeline (S5), which can
be loaded onto the FPGA for deployment.

After deployment, the network should be tested with rep-
resentative data to verify both accuracy and performance,
which is the content of our step 6 (S6). Further optimiza-
tions may be necessary, such as refining quantization pa-



rameters or adjusting pipeline stages, to meet application
requirements.

6. Experiments and Results

To evaluate the effectiveness of our FPGA deployment
pipeline, we conducted experiments using three neural
network designs of increasing complexity, as shown in
Fig. 6. The first experiment featured a single-layer network
(Fig. 6(a)), serving as a baseline to verify correct logic syn-
thesis and hardware integration. The second experiment im-
plemented a two-layer network (Fig. 6(b)) to solve the clas-
sic XOR problem. Finally, we deployed a four-layer multi-
layer perceptron (MLP) for image classification (Fig. 6(c)),
which required higher data throughput and a more complex
architecture. This final model leveraged DMA to efficiently
stream image data to the hardware.

(c) Multilayer perceptron (MLP) for MNIST classifica-
tion.

Figure 6. Three neural networks that have been trained and tested
in this work.

Results The single-layer network has four possible in-
puts. We first trained it on a PC, and then deployed the
weights into the FPGA card through the proposed pipeline.
Testing is through a C program to send the inputs to the net-
work on the card and retrieve the output, which turned out
to be 100% accurate. These results confirm that our basic
software-to-hardware pipeline is functioning correctly.

The training and testing of the two-layer XOR network
were conducted in the same way. The results also achieved
100% accuracy, which provides additional evidence of the
pipeline’s effectiveness. In particular, it show the quantiza-
tion process preserves the model’s performance. To further
demonstrate real-time execution, we present a snapshot of
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the hardware output (Fig. 7), showing input values, predic-
tion results, and the system clock status.

L% ]
w

a W a o

¥ o« 4 M

Figure 7. Snapshot of real-time network inference of the two-layer
XOR network.

The third network is a multilayer perceptron (MLP) for
MNIST image classification. As shown in Fig. 6, each input
has 784 pixels (28 x 28). The model includes three hidden
layers and a hardmax output layer. It was first trained in
Python on a PC with about 98% accuracy. After deploy-
ment to the FPGA, we tested it with a small set of MNIST
samples, using a DMA block to stream the input images.
The model achieved reasonable accuracy, confirming that
the full pipeline, from quantization to hardware integration
and DMA transfer, is working properly.

7. Conclusions

In this paper, we reviewed recent progress in neuromorphic
intelligence, including SNNs, brain-inspired hardware, sup-
porting software, and key applications. Alongside, we in-
troduced an FPGA-based deployment pipeline for neural
networks, offering a low-SWaP solution for edge Al. We
validated this pipeline by deploying and testing three neu-
ral networks of increasing complexity. This work provides
a foundation for future comparisons between conventional
edge Al models and neuromorphic platforms, moving to-
ward energy-efficient, autonomous systems.
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