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Abstract. As the proliferation of edge computing reshapes the land-
scape of artificial intelligence deployment, the demand for efficient, low-
latency, and energy-conscious deep learning inference has never been
more acute. Traditional acceleration platforms—such as CPUs, GPUs,
and ASICs—face increasing challenges in meeting the unique constraints
of edge environments, including limited power budgets, thermal envelopes,
physical space, and the need for adaptive, context-aware operation. In
this context, Field-Programmable Gate Arrays (FPGAs) have emerged
as a compelling solution, offering a uniquely reconfigurable architecture
that enables tailored hardware acceleration for diverse deep learning
workloads. This survey provides a comprehensive and technically rig-
orous exploration of the design, deployment, and evaluation of scalable
deep learning accelerators implemented on FPGAs, with a specific focus
on edge and embedded intelligence.

We begin by categorizing FPGA-based architectures into distinct paradigms,
including streaming dataflow, systolic arrays, overlay-based accelerators,
coarse-grained reconfigurable architectures, and hybrid heterogeneous
systems, highlighting their respective strengths, limitations, and suitabil-
ity for different inference scenarios. The discussion proceeds to analyze
the critical design methodologies used to transform high-level neural net-
work descriptions into efficient, synthesizable hardware representations.
These include high-level synthesis (HLS), tiling strategies, loop unrolling,
memory scheduling, and automated compilation flows that align with the
unique spatial and temporal characteristics of FPGA fabrics. Special em-
phasis is placed on the role of quantization, pruning, and precision scaling
in reducing hardware complexity while preserving model accuracy.

We further examine runtime reconfiguration and adaptive execution tech-
niques, where FPGA fabrics dynamically reshape their logic and compute
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paths in response to changing workloads, power conditions, or functional
requirements. This section delves into partial reconfiguration, adaptive
precision, workload-aware scheduling, and emerging methods of using
machine learning itself to optimize the reconfigurability of hardware
at deployment time. Benchmarking methodologies are also discussed in
detail, with a focus on multi-dimensional evaluation metrics—such as
throughput, energy per inference, latency, model fidelity, and reconfig-
uration overhead—under realistic operational constraints. A diverse set
of real-world case studies is presented, encompassing applications from
autonomous drones and wearable health monitors to industrial vision
systems and quantized Al inference engines, showcasing the breadth of
FPGA applicability and the concrete engineering challenges involved.
Finally, the review synthesizes these findings to outline future research
directions and systemic challenges, including the need for end-to-end
toolchains, intelligent hardware-software co-design, support for dynamic
and sparse models such as transformers, and the integration of FPGA
fabrics into chiplet-based and 3D-stacked architectures. We argue that
the evolution of FPGAs from peripheral accelerators to central elements
of embedded Al systems marks a significant shift in how intelligence is ar-
chitected and deployed at the edge. Through detailed technical analysis,
practical case exploration, and a forward-looking perspective, this work
provides a foundational reference for researchers, system architects, and
developers aiming to harness the full potential of FPGAs for scalable,
efficient, and adaptive deep learning at the intelligent edge.

Keywords: FPGA acceleration, deep learning inference, edge computing, em-
bedded intelligence, hardware-aware neural networks, reconfigurable architec-
tures, quantization, high-level synthesis, runtime adaptability, scalable Al sys-
tems, low-power Al, custom hardware design

1 Introduction

The proliferation of intelligent devices and the exponential growth in the de-
ployment of artificial intelligence (AI) at the network edge have significantly
transformed the computational landscape across industries [1]. Edge and em-
bedded systems, which traditionally operated under stringent constraints in
terms of power, latency, and thermal dissipation, are now expected to execute
increasingly complex deep learning (DL) workloads in real-time. These work-
loads, which include tasks such as real-time object detection, speech recognition,
anomaly detection, and predictive maintenance, are computationally intensive
and memory-demanding. Conventional general-purpose processors (GPPs) and
even specialized graphic processing units (GPUs) have exhibited limitations in
meeting the tight energy-efficiency, latency, and form-factor requirements posed
by edge environments [2]. As such, there has been a marked shift towards alterna-
tive compute paradigms that offer architectural flexibility, domain-specific cus-
tomization, and improved performance-per-watt characteristics—among which
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field-programmable gate arrays (FPGAs) have emerged as highly promising en-
ablers. FPGAs offer a compelling solution to the unique demands of edge Al
due to their inherent reconfigurability, parallelism, and adaptability [3]. Unlike
fixed-function ASICs, FPGAs can be reprogrammed to tailor their architecture
to specific workloads, enabling efficient mapping of deep neural networks (DNNs)
with customized dataflows, quantization schemes, memory hierarchies, and com-
pute pipelines. This reconfigurability is particularly advantageous in scenarios
where model parameters, topologies, and deployment requirements evolve over
time, or when system designers aim to deploy multiple heterogeneous models
on the same hardware platform [4]. Furthermore, FPGAs can achieve signifi-
cant throughput and latency benefits by exploiting fine-grained parallelism in
DNN inference, including layer-wise and intra-layer parallelization, pipelining,
and customized precision arithmetic. The intersection of scalable deep learn-
ing and FPGA-based acceleration introduces a multitude of technical challenges
and opportunities. On one hand, the rapid growth in model size and complex-
ity—exemplified by the rise of transformer-based architectures, graph neural
networks, and large convolutional backbones—necessitates scalable hardware-
software co-design methodologies that can distribute computation across mul-
tiple FPGA resources or operate within constrained on-chip memory. On the
other hand, edge AI demands aggressive optimization of resource utilization,
power consumption, and thermal profile, often in environments devoid of active
cooling or power provisioning [5]. This has prompted extensive research into neu-
ral architecture compression techniques (e.g., pruning, quantization, knowledge
distillation), memory bandwidth-aware designs, and novel interconnect topolo-
gies that enable efficient model execution at the edge [6]. This review aims to
systematically explore the landscape of scalable deep learning architectures im-
plemented through custom FPGA-based accelerators, with a particular focus
on edge and embedded intelligence applications. We delve into the hardware
design paradigms that have emerged to support state-of-the-art DNNs on FP-
GAs, including dataflow architectures, systolic arrays, domain-specific instruc-
tion sets, and overlay-based frameworks. Additionally, we investigate the co-
design methodologies that jointly optimize neural network models and FPGA
implementation to meet specific performance and efficiency targets [7]. Special
attention is paid to the trade-offs between flexibility, performance, and scalabil-
ity, as well as the integration of runtime reconfiguration and partial reprogram-
ming to support dynamic workloads. Moreover, we contextualize the evolution
of FPGA-based deep learning accelerators within the broader ecosystem of edge
computing, emphasizing how advances in toolchains, high-level synthesis (HLS),
model compression techniques, and open-source frameworks have democratized
the development of FPGA solutions for Al developers. We also highlight emerg-
ing trends such as heterogeneous computing with FPGAs and CPUs/GPUs, the
use of chiplet-based FPGA systems, and the role of domain-specific compilers
and intermediate representations in automating the translation of DL models
into efficient hardware. By surveying a diverse body of literature and recent in-
novations, this work seeks to provide both a historical perspective and a forward-
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looking analysis of how custom FPGA-based acceleration is shaping the future
of scalable edge intelligence [8]. In essence, this review offers a comprehensive
synthesis of the challenges, innovations, and methodologies at the intersection of
scalable DL architectures and FPGA-based acceleration. It serves as a founda-
tional reference for researchers, practitioners, and system architects striving to
harness the full potential of custom FPGA solutions for intelligent edge systems,
and outlines promising directions for future work in designing resilient, efficient,
and scalable AT systems under real-world deployment constraints [9].

2 Background and Theoretical Foundations

To rigorously explore the scalability of deep learning architectures via custom
FPGA-based acceleration in edge and embedded systems, it is essential to estab-
lish a theoretical foundation that encompasses the core computational structures
of deep neural networks (DNNs), the principles of hardware mapping, and the
optimization of resource-constrained inference. This section formalizes the key
mathematical underpinnings of deep learning models, discusses their compu-
tational complexity, and introduces the mapping of these models onto FPGA
fabrics using hardware-aware performance models [10].

2.1 Deep Neural Network Computational Model

A typical deep neural network can be described as a composition of parame-
terized transformations f(x;8), where x € R™ is the input vector and 8 € RP
denotes the set of trainable parameters. For a network with L layers, the function
can be expressed as:

f(x;0) = fL(fra(... f1(x)))

Each layer fy, £ € {1,2,...,L}, performs a linear operation followed by a
non-linear activation, typically of the form:

fe(hg—1) = 0s(Wihy_1 + by)

where W, € R%*de—1 {5 the weight matrix, by € R% is the bias vector,
and oy(-) denotes a non-linear activation function such as ReLU, GELU, or
Sigmoid. The computational cost per layer, in terms of multiply-accumulate
(MAC) operations, is:

MACS@ = dz . dg,1
The total computational complexity C(f) of the network is then:

L
C(f) = Zde ~dp—1
=1

For convolutional neural networks (CNNs), this extends to:
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MACSEODV = Hg . We . Og . K,g . C’g_l

where H; and W, are the output feature map height and width, K, is the
kernel size, and Cy_1,Cy are the input and output channels, respectively.

2.2 FPGA Resource Modeling and Mapping

The mapping of DNNs to FPGAs must consider limited computational resources,
such as the number of available digital signal processing (DSP) slices Rpgp, block
RAM (BRAM) Rprawm, flip-flops Rrr, and lookup tables Ryyr. For an FPGA
device F, we define its resource vector as:

R = [Rpsp, ReraMm, Rrr, RLuT]

Let p, € R* denote the resource footprint of layer £. The resource feasibility
constraint requires:

L
Z pe < RFr
=1

Hardware designers often implement layers using custom processing elements
(PEs) with a dataflow model. If each PE processes a tile of size T, then latency
per layer can be estimated by:

MAC
L=t
P-f
where P is the number of PEs and f is the FPGA operating frequency (in
Hz) [11]. When pipelining is applied with an initiation interval I and pipeline
depth D, latency becomes:

LY =II-Ny+ D

where N, is the number of operations for the layer. Optimizing L?ipe under
hardware constraints is a central objective in accelerator design.

2.3 Quantization and Memory Optimization

To meet strict energy and memory budgets in embedded environments, DNNs
are quantized to lower-precision representations [12]|. Suppose the original 32-bit
floating-point weights W, are quantized to b-bit fixed-point numbers:

W, = Qy(W,) with Qu(z) = round(z - 2°71) . 2=~

Quantization reduces memory bandwidth and improves arithmetic intensity,
allowing multiple weight elements to be stored per BRAM word [13]. The total
memory required for a quantized model f is:
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L
M(f)=> (d¢-dp1-b)
=1
To optimize model deployment, we solve the following constrained minimiza-
tion problem:

min E(f(x),y) sit. C(f) < Cmax, M(f) £ Mmax
f
where £ denotes a loss function and Cyax, Mmax are compute and memory
budgets, respectively.

2.4 Scalability Metrics and Performance Boundaries

Scalability in the context of FPGA-based DNN acceleration refers to the ability
to maintain or improve throughput, latency, and energy efficiency as network
depth, input dimensionality, or dataset complexity increases. Let us define:

— Throughput 7 = where N is the number of inferences per second.

_N
24?:1 Ly’
— Energy per inference £ = P;Yg, where P,y is the average power consumption
[14].
-

— Resource efficiency n = ST e’ where c is a cost vector for each resource
=1 Pe:
type.

The challenge in scaling arises when C(f) — oo but Rz remains fixed
or scales sub-linearly [15]. Therefore, partitioning techniques, tiling strategies,
model sparsification (where many weights w; ; ~ 0), and activation gating are
introduced to reduce compute density:

[Wello
dg-dp_1

Exploiting structured sparsity allows zero-skipping hardware primitives to
be synthesized, further improving runtime efficiency [16].

Sparsity, = <1

2.5 Hardware-Software Co-Design Paradigm

Let H(0,R) be the hardware realization of a model parameter set 6 under
resource vector R [17]. Co-design then becomes a bi-level optimization problem:

mein L(f(x;0),y)
st. H(0,R) € Freasible

Here, Fieasivle denotes the space of FPGA implementations realizable within
timing, power, and area constraints. Recent advances in differentiable hard-
ware mapping, reinforcement learning-based placement, and neural architec-
ture search (NAS) on FPGAs attempt to approximate this co-design space in
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a tractable fashion. In summary, the theoretical foundations underlying scal-
able deep learning acceleration on FPGAs involve a multifaceted integration of
mathematical models of computation, hardware resource constraints, optimiza-
tion strategies, and trade-off analysis. The interplay between these elements
forms the basis upon which the next-generation edge intelligence systems can be
designed, evaluated, and deployed [18].

3 Taxonomy of FPGA-Based Architectures for Deep
Learning at the Edge

As deep learning continues to permeate edge computing scenarios—ranging from
smart cameras and industrial IoT to autonomous vehicles and wearable health
monitors—the demand for highly efficient and adaptable hardware accelerators
becomes increasingly urgent. FPGAs, with their innate capacity for architec-
tural customization and parallel execution, have catalyzed a proliferation of de-
sign methodologies tailored specifically for edge-based inference [19]. Over the
past decade, various classes of FPGA-based architectures have emerged, each
characterized by distinct trade-offs in flexibility, performance, power efficiency,
and ease of deployment. To systematize this diversity, we propose a comprehen-
sive taxonomy that categorizes these architectures into five major paradigms:
(1) streaming-based dataflow architectures, (2) systolic array-based designs, (3)
reconfigurable overlay-based accelerators, (4) coarse-grained reconfigurable ar-
chitectures (CGRAs) on FPGA fabrics, and (5) hybrid heterogeneous systems
integrating FPGAs with CPUs or GPUs. Each category encapsulates unique
approaches to data movement, computation scheduling, memory reuse, and re-
configurability, and their adoption is often influenced by target application do-
mains and deployment constraints. Streaming-based dataflow architectures rep-
resent one of the most prevalent and natural mappings of DNN workloads onto
FPGAs. These designs aim to exploit spatial and temporal locality by estab-
lishing pipelined pathways through which data and weights are streamed in
a controlled and predictable fashion [20]. Each processing element (PE) in a
dataflow architecture is statically assigned to a specific computation stage, such
as a convolution or activation unit, allowing for high-throughput processing with
deterministic latency. These designs are particularly effective for fixed topolo-
gies and batch-size-insensitive execution, making them ideal for always-on in-
ference in edge settings [21]. However, they often suffer from inflexibility when
accommodating varying model structures or dynamic execution patterns [22].
On the other end of the spectrum are overlay-based designs, which abstract
low-level FPGA reconfiguration details through programmable data paths and
virtual instruction sets. These overlays enable rapid compilation, code reuse,
and simplified model deployment, but typically incur an overhead in resource
consumption and latency compared to fully customized RTL implementations.
Systolic arrays, originally designed for matrix operations, have been reintro-
duced in modern FPGA accelerators due to their ability to harness fine-grained
data reuse and controlled memory bandwidth [23]. Implemented as a grid of
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tightly coupled PEs, systolic arrays execute multiply-accumulate operations in
a rhythmic, clock-driven manner, minimizing external memory accesses and im-
proving energy efficiency [24]. While they achieve remarkable efficiency for reg-
ular and dense matrix computations, their scalability is limited by the routing
complexity and FPGA fabric interconnect bottlenecks, particularly when tar-
geting large models under tight resource budgets. Coarse-grained reconfigurable
architectures (CGRAs), when implemented atop or within FPGA fabrics, intro-
duce an intermediate abstraction between fine-grained LUT-based designs and
fully programmable processors [25]. CGRAs enable block-level reconfiguration of
computing elements and interconnects, providing both the adaptability required
for multiple DNN models and the performance efficiency of spatial parallelism.
These architectures are increasingly explored for applications requiring frequent
model updates or partial reconfiguration capabilities [26]. Finally, hybrid het-
erogeneous systems—comprising FPGAs in tandem with ARM cores, GPUs, or
specialized NPUs—Ileverage workload partitioning to balance general-purpose
flexibility and specialized acceleration [27]. These systems allow offloading of
control-intensive or sparse operations to CPUs, while reserving dense linear al-
gebra workloads for FPGA execution [28]. The orchestration of such systems
requires sophisticated runtime schedulers and memory coherency protocols, but
offers a compelling solution for multitask edge AI systems that must simulta-
neously handle vision, language, and control pipelines. Table 1 summarizes the
primary characteristics, advantages, and limitations of these architecture classes
[29]. Tt provides a high-level comparative analysis that can serve as a design
guideline for system architects selecting appropriate acceleration strategies for
diverse edge AT applications [30].

This architectural taxonomy highlights the multifaceted design space faced by
practitioners in edge Al acceleration. While high-throughput streaming designs
may be preferable in low-latency sensor applications, overlay-based approaches
may be more appropriate for development environments where rapid prototyp-
ing, frequent model updates, and shorter time-to-market are crucial. Further-
more, the ability to mix architectural paradigms within a single FPGA or SoC
platform opens up exciting opportunities for workload specialization, dynamic
reconfiguration, and context-aware computing at the edge. The next generation
of edge intelligence systems will likely leverage hybrid strategies that fluidly
combine these architectural principles, guided by domain-specific optimizations,
evolving ML model characteristics, and rapidly advancing FPGA toolchains.

4 Design Methodologies for Scalable FPGA-Based Deep
Learning Acceleration

The effectiveness of deploying deep learning models on FPGA platforms, espe-
cially in edge and embedded environments, is intimately tied to the methodolo-
gies by which these models are translated into hardware [31]. The process spans
from high-level model representation—typically authored in deep learning frame-
works such as PyTorch or TensorFlow—to low-level register-transfer level (RTL)
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Table 1. Taxonomy of FPGA-based deep learning accelerator architectures for edge

and embedded systems.

mapped to spatially
arranged PEs

usage, predictable timing

Architecture Type Computation Strengths Limitations
Model

Streaming-based Dataflow |Static pipelined|High throughput, low la-|Rigid structure, difficult to
dataflow graph|tency, efficient BRAM/DSP|adapt to model changes or

dynamic control flow

Systolic Array

Rhythmic data
movement with fixed
local interconnects
among PEs

Excellent for dense matrix
operations, high data reuse,
efficient MAC scheduling

Poor flexibility, challenging
to scale for sparse or irreg-
ular models, complex place-
ment /routing

Overlay-based Accelerator

Virtual instruction
sets and reconfig-
urable interconnects
abstracting RTL
details

Fast deployment, software-
friendly, adaptable to multi-
ple DNNs

Overhead in latency and
resource usage, suboptimal

peak performance

CGRA on FPGA

Reconfigurable func-
tional blocks with
programmable inter-
connect mesh

Balanced trade-off between
performance and flexibility,
partial reconfiguration sup-
ported

Requires complex control
logic, tool support still ma-
turing

Hybrid Heterogeneous Sys-|Partitioned workload|Flexible model support,|Synchronization complexity,

tem execution across|task-level parallelism, ro-|high integration overhead,
CPU/GPU/NPU + |bust software stack increased system cost
FPGA

code or intermediate abstractions that synthesize into bitstreams executable on
FPGA fabrics. This transformation is not merely a mechanical conversion but a
deeply involved optimization process that reconciles software-defined neural ar-
chitectures with hardware-defined constraints. The key to scalable performance
lies in the co-design and co-optimization of compute, memory, and data move-
ment, governed by both algorithmic and architectural parameters. Such design
methodologies must consider numerous variables, including model depth and
width, layer diversity, quantization precision, memory bandwidth, tiling strate-
gies, and spatial reuse patterns, all while constrained by FPGA resource budgets
(e.g., DSPs, BRAM, LUTS). As these variables are interdependent and subject
to rapid change across applications, methodologies must be modular, extensi-
ble, and automation-friendly to remain viable for real-world edge deployment
scenarios. One of the central tenets in scalable design is the principle of tiling,
wherein the neural network computation is decomposed into smaller sub-blocks
or "tiles" that fit within the limited on-chip memory and compute resources of
an FPGA [32]. This enables partial loading of model weights and activations
into BRAM and reduces the reliance on costly off-chip DRAM access [33]. The
tiling parameters—often denoted T, , T, , T} for matrix dimensions—are selected
to optimize throughput under constraints defined by the roofline model, which
relates achievable performance to memory bandwidth and compute throughput.
Coupled with tiling is the notion of loop unrolling and pipelining, which converts
sequential computations into parallel streams by replicating processing elements
or scheduling operations in temporally staggered fashion. These hardware-level
transformations are frequently guided by high-level synthesis (HLS) tools, such
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[llngh—l.,ovcl Model(e.g., PyTorch, Tensor Fluw)]—(q.mm;mim. &'aniug)—(llLSrL!,wvd Compilation(e.g., Vitis, mshm)} (FPGA Bitstream Generation)

Fig. 1. Typical FPGA-based deep learning accelerator design flow. The process involves
model quantization, hardware-aware compilation using HLS tools, resource mapping
to the target FPGA platform, and iterative refinement based on deployment feedback.

as Xilinx Vitis HLS or Intel HLS Compiler, which allow design descriptions in
C/C++ to be translated into synthesizable RTL. More advanced frameworks
like hlsdml, FINN, and DNNWeaver enable direct ingestion of neural network
descriptions and automate quantization, scheduling, and dataflow transforma-
tion. The optimality of a given schedule depends not only on performance but
also on system-level metrics like energy efficiency, latency predictability, and
adaptability to changing workloads—metrics that are difficult to express using
traditional cost functions alone. To illustrate the typical stages of this design
methodology, Figure 1 presents a high-level overview of the end-to-end flow,
from model description to final deployment. This abstracted pipeline delineates
how a trained model, possibly pruned and quantized, is processed by hardware-
aware compilation flows that translate neural layers into efficient compute blocks
mapped to FPGA resources. It also emphasizes the iterative feedback loop inher-
ent in hardware-software co-design, where synthesis results guide further tuning
of tiling, quantization, and architectural parameters. While early methodologies
emphasized static compilation and fixed-function mapping, modern approaches
increasingly incorporate dynamic reconfiguration, online profiling, and neural
architecture search (NAS) to refine models post-deployment based on empirical
performance data [34].

As FPGA technologies continue to evolve with higher logic density, embed-
ded Al-specific IP blocks (such as AI Engines and hardened DSP slices), and
tighter integration with CPUs and memory controllers, the design methodologies
must also evolve toward increased automation and abstraction. There is grow-
ing emphasis on developing end-to-end toolchains that support not only static
inference graphs but also dynamic execution models, on-device learning, and
context-aware reconfiguration. Furthermore, the growing convergence between
machine learning compilers (e.g., TVM, MLIR) and hardware synthesis tools is
gradually dissolving the boundary between algorithm and architecture [35]. The
ultimate goal is to enable hardware-aware model design at the same abstraction
level as software, where FPGA-specific performance models, synthesis costs, and
power estimations are natively embedded within the model development loop
[36]. Such vertically integrated design methodologies are poised to unlock a new
era of energy-proportional, scalable, and resilient intelligence across distributed
edge ecosystems.
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5 Runtime Reconfiguration and Adaptive Execution
Strategies

One of the most profound advantages of FPGA technology in the context of
edge-based deep learning acceleration is its capacity for runtime reconfigura-
tion—a property that distinguishes FPGAs from fixed-function accelerators such
as ASICs or even from traditional GPUs. While conventional compilation flows
result in static execution pipelines, runtime reconfiguration allows FPGA-based
systems to dynamically alter their architecture during operation, thereby adapt-
ing to changing workloads, performance constraints, or application contexts
without requiring physical hardware modifications [37]. This adaptability is es-
pecially vital for edge computing platforms, which are frequently deployed in
non-deterministic, multi-modal environments where operational conditions such
as energy availability, thermal envelope, input data characteristics, or latency
requirements can fluctuate over time [38]. Instead of maintaining a single mono-
lithic bitstream that attempts to accommodate all possible execution scenar-
ios—an approach that is both resource-hungry and inefficient—runtime recon-
figuration allows the system to load specialized hardware configurations on de-
mand, thereby achieving greater efficiency, lower latency, and improved energy
proportionality. There are multiple levels at which reconfiguration may be em-
ployed [39]. At the most basic level, **partial dynamic reconfiguration (PDR)**
allows specific regions of the FPGA fabric—typically known as reconfigurable
partitions—to be updated independently of the rest of the design, without inter-
rupting the overall system operation. This facilitates use cases such as switching
between different neural network layers or operators (e.g., convolution, LSTM,
transformer attention blocks) depending on current workload demands [40]. For
instance, a surveillance drone may load a high-resolution object detector when
in flight over populated areas, and switch to a low-power, low-resolution model
during transit. Similarly, IoT devices may deploy lightweight anomaly detection
networks under normal conditions, and reconfigure to more complex predictive
models in the event of detected outliers [41]. The runtime controller, often im-
plemented as a soft processor or a dedicated state machine, orchestrates the
loading and unloading of bitstreams from local or external non-volatile storage
[42]. Given that reconfiguration time is non-negligible—typically on the order of
milliseconds depending on bitstream size and bandwidth—designers must care-
fully balance the overhead of reconfiguration against the gains in performance or
energy efficiency [43]. Beyond PDR, **adaptive execution strategies** extend the
notion of runtime flexibility to the algorithmic and software control levels [44].
These include techniques such as model sparsity gating, dynamic precision scal-
ing, and workload-aware scheduling. For example, in precision scaling, input data
statistics or confidence scores from intermediate layers may be used to adjust
arithmetic precision during inference. A model might switch from 8-bit integer
execution to 4-bit or binary mode when the input falls within well-understood
statistical regimes, thereby reducing power consumption and increasing infer-
ence speed. FPGA implementations are well-suited for this due to their ability
to instantiate multiple precision arithmetic units and route data dynamically
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through them. Similarly, dynamic sparsity gating leverages runtime analysis of
input activations or attention maps to skip unnecessary computations—such
as zero-valued activations or low-importance tokens—thereby reducing memory
access and compute cycles [45]. These mechanisms are particularly effective in
transformer-based models and recurrent neural networks, where dynamic at-
tention or temporal redundancy can be exploited. In hybrid systems, adaptive
execution may also involve offloading decisions, where the FPGA collaborates
with CPUs or NPUs to delegate portions of the workload based on real-time
profiling. For example, an FPGA may perform initial feature extraction or con-
volutional front-end processing, and upon detecting increased load or thermal
pressure, it may defer subsequent layers to an auxiliary processor. This requires
tight integration of monitoring logic, task schedulers, and interconnect protocols
such as AX14, AMBA, or PCle, and necessitates a carefully orchestrated software
runtime. Furthermore, in systems with multiple FPGAs or chiplet-based fabrics,
adaptive data placement and compute allocation across spatially distributed
compute units introduces another layer of complexity. Load balancing, memory
coherence, and latency sensitivity must all be considered within the reconfigura-
tion logic to ensure uninterrupted inference and stable QoS metrics. In modern
edge AI platforms, **online reconfigurability is increasingly guided by machine
learning itself**. Reinforcement learning-based agents have been proposed to de-
termine optimal reconfiguration policies, learning from environmental feedback
such as power draw, inference latency, or accuracy degradation under quantized
models [46]. This forms a virtuous loop where the FPGA not only accelerates
deep learning models but also becomes a target for intelligent self-optimization
[47]. In these frameworks, the control policy is treated as a meta-model trained
either offline or in situ to maximize a reward function representing a composite
of performance, energy, and resource usage [48]. The emerging field of **au-
tonomous hardware management** builds on this idea, seeking to abstract away
manual tuning and make FPGAs behave more like intelligent runtime-adaptive
processors. By combining performance counters, thermal sensors, and logic usage
monitors with predictive control algorithms, such systems are capable of forecast-
ing bottlenecks or overloads and preemptively reconfiguring the fabric for better
resilience and scalability. Despite these advancements, significant challenges re-
main [49]. The design and verification of reconfigurable hardware introduces sub-
stantial complexity, particularly with regard to bitstream compatibility, timing
closure, and security [50]. Bitstream management requires trusted interfaces, ver-
sion control, and secure boot mechanisms to avoid system corruption or malicious
injection of reconfiguration payloads [51]. Additionally, not all FPGAs support
fine-grained PDR, and the granularity of reconfigurable regions may limit the
modularity of deployed models. Toolchain support is also still maturing; while
some vendors provide basic partial reconfiguration frameworks, full support for
seamless dynamic layer swapping and hardware virtualization remains an open
area of research [52]. There is also a growing demand for standardized APTs
and middleware that abstract reconfiguration details from application develop-
ers, enabling broader adoption without requiring deep hardware expertise [53].
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Nevertheless, the capability for runtime reconfiguration and adaptive execution
marks a paradigm shift in how FPGA-based deep learning systems are con-
ceived and deployed. No longer constrained by static compilation and one-size-
fits-all architectures, these systems are increasingly morphable, learning-aware,
and environmentally responsive. In an edge computing world characterized by
heterogeneity, uncertainty, and dynamism, such traits are not merely advanta-
geous—they are essential [54]. The convergence of reconfigurable hardware and
adaptive Al software will define the next generation of edge intelligence plat-
forms, making them not only efficient and scalable, but also fundamentally alive
to the changing conditions of their operational contexts.

6 Benchmarking and Performance Analysis of
FPGA-Based Edge Accelerators

Benchmarking plays a pivotal role in the design and evaluation of FPGA-based
deep learning accelerators, especially when deployed in edge and embedded sys-
tems that are characterized by resource-constrained environments and application-
specific performance targets [55]. Unlike traditional computing platforms, where
standardized benchmarking suites and homogeneous hardware architectures al-
low for relatively straightforward performance comparisons, FPGA-based sys-
tems operate across a highly heterogeneous and customizable design space [56].
Each accelerator may differ significantly in terms of hardware configuration,
dataflow architecture, arithmetic precision, memory hierarchy, reconfiguration
support, and toolchain flow, making apples-to-apples comparison non-trivial [57].
Moreover, edge deployments impose additional constraints that traditional cloud
or server benchmarks do not capture—such as energy per inference, real-time
latency bounds, thermal limits, and workload adaptivity [58]. As such, compre-
hensive and meaningful benchmarking must go beyond raw throughput or peak
utilization metrics and instead adopt a holistic multi-dimensional approach that
incorporates system-level metrics under realistic application conditions [59]. The
first axis of evaluation in benchmarking FPGA-based accelerators is typically
performance, often measured in terms of throughput (inferences per second), la-
tency (time per inference), and effective MAC /s (multiply-accumulate operations
per second). However, these metrics alone can be misleading without context
[60]. Throughput may be artificially inflated by large batch sizes, which are in-
feasible for many edge applications that require real-time or near-instantaneous
responses to streaming input. Latency measurements must differentiate between
cold start latency, steady-state latency, and pipeline fill latency, each of which
has different implications depending on the use case—e.g., voice activation in
wearables versus object detection in autonomous drones. Furthermore, MAC/s
values must be interpreted in light of arithmetic precision (e.g., INT8 vs FP32)
and sparsity utilization (e.g., zero-skipping mechanisms), as lower-precision op-
erations generally yield higher apparent compute throughput at the cost of re-
duced numerical accuracy. Therefore, performance metrics must be normalized
appropriately—either by scaling with effective precision or by providing bit-
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ops/s as an alternative measurement. Energy efficiency constitutes the second
major axis of benchmarking and is perhaps the most critical for edge and mobile
systems where battery life and thermal envelope are tightly constrained. En-
ergy per inference, usually expressed in millijoules (mJ) or microjoules (uJ) per
sample, provides a direct indicator of the hardware-software stack’s suitability
for long-duration or always-on tasks [61]. Power profiling tools, such as Xilinx
XPower Analyzer or Intel Power Analyzer, along with external measurements
from current probes and power meters, are commonly used to assess dynamic
power during inference. However, FPGA power usage is highly dependent on the
specific region of the fabric being utilized, the clock frequency, and the activ-
ity factor of each computational block [62]. Consequently, fine-grained temporal
profiling becomes necessary to identify power spikes during memory-intensive
layers (e.g., fully connected layers or attention heads) or during partial recon-
figuration events [63]. Additionally, thermal effects such as throttling, leakage,
and ambient temperature variations can influence sustained performance and
must be captured through long-duration testing under controlled or representa-
tive environmental conditions. Accuracy and model fidelity also play a central
role in the benchmarking process, particularly when aggressive quantization or
compression strategies are applied. A high-performance, low-latency accelerator
is of limited use if the corresponding reduction in model accuracy renders the
inference results unreliable. Therefore, it is standard practice to report not only
top-1/top-5 accuracy scores but also domain-specific metrics such as mean av-
erage precision (mAP) for object detection, word error rate (WER) for speech
recognition, or BLEU score for translation tasks. Crucially, these accuracy met-
rics must reflect post-deployment performance—i.e., measured after quantiza-
tion, pruning, and mapping to the target hardware—with all hardware-induced
artifacts (e.g., rounding, overflow, underflow, saturation) in place. Simulated
accuracy derived from software emulation is insufficient and may overestimate
real-world performance [64]. Some FPGA toolchains now provide bit-accurate
emulators that model low-level effects of quantization, dataflow pipelining, and
control path logic, allowing for more faithful pre-deployment accuracy estimation
[65]. However, in-field validation using the actual bitstream on deployed hard-
ware remains the gold standard for accuracy benchmarking [66]. Scalability and
adaptability form the final set of critical benchmarking axes [67]. These relate
not only to the accelerator’s ability to handle increasing model sizes or input
resolutions but also to its performance under dynamic workloads, multi-model
inference, and real-time switching of model components via runtime reconfig-
uration. For instance, an edge gateway device may be required to run vision,
audio, and anomaly detection models concurrently, each with distinct latency
and throughput requirements. Benchmarking such scenarios involves evaluat-
ing multi-context execution, interleaved layer scheduling, and cache coherency
across shared buffers [68]. Reconfigurable architectures must be evaluated on
reconfiguration time, context-switch latency, and area overhead of static versus
dynamic regions. Performance under partial reconfiguration must be profiled
carefully, as bitstream loading delays can severely disrupt time-sensitive appli-
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cations if not appropriately mitigated [69]. Moreover, adaptability metrics such
as configuration agility (bitstreams per second), model footprint compression
ratio, and performance degradation under load are increasingly becoming rel-
evant for next-generation FPGA benchmarking. To facilitate standardized and
reproducible benchmarking, several academic and industrial consortia have pro-
posed FPGA-specific benchmarking frameworks. Examples include MLPerf Tiny,
CHALI (Consortium for Hardware Acceleration of AI), and the FINN-Benchmark
suite developed by Xilinx for low-bitwidth DNNs. These frameworks define ref-
erence models, input datasets, quantization parameters, and evaluation proto-
cols, enabling fair comparison across research prototypes and commercial de-
ployments. Nevertheless, adoption remains fragmented, and many FPGA accel-
eration papers report isolated metrics without complete system-level character-
ization [70]. It is therefore imperative that future benchmarking efforts in this
field embrace open standards, community datasets, and comprehensive measure-
ment methodologies that reflect the real-world operational context of edge Al
systems. In summary, benchmarking FPGA-based deep learning accelerators is
a multidimensional process that must span compute performance, energy effi-
ciency, model accuracy, runtime adaptability, and system-level behavior under
realistic operating conditions. A thorough and honest benchmarking method-
ology is not merely an academic exercise—it is a critical step toward guiding
design trade-offs, validating research claims, and building trust in deployed sys-
tems [71]. As edge AI continues to proliferate into mission-critical domains such
as healthcare, transportation, and autonomous robotics, rigorous performance
analysis grounded in standardized, real-world-oriented benchmarks will become
the cornerstone of credible and impactful FPGA-based accelerator research.

7 Case Studies of Real-World FPGA-Based Deep
Learning Accelerators for Edge Intelligence

To ground the theoretical frameworks, architectural taxonomies, and bench-
marking principles discussed thus far, it is essential to examine concrete case
studies of FPGA-based deep learning accelerators deployed in real-world edge
computing scenarios. These implementations, drawn from both industry and
academia, not only demonstrate the practical viability of FPGAs as edge Al
enablers but also shed light on the multifaceted engineering decisions, trade-
offs, and design optimizations required to meet stringent operational constraints.
From autonomous vehicles and industrial inspection systems to unmanned aerial
vehicles (UAVs) and wearable medical devices, each application domain presents
a unique combination of compute demand, latency tolerance, power envelope,
environmental ruggedness, and upgradability [72]. By dissecting how specific ac-
celerator architectures were conceived and realized in these domains, we gain
valuable insight into the practical strategies that transform theoretical models
into resilient, high-performance embedded AI systems. One representative case is
Microsoft’s Brainwave project, which initially targeted cloud inference using FP-
GAs but later expanded toward edge scenarios through Azure’s IoT offerings.
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Brainwave’s architecture is notable for its use of statically configured, deeply
pipelined dataflow designs synthesized from high-level descriptions using a cus-
tom toolchain that compiles directly from ML frameworks such as ONNX. Each
layer of the deployed neural networks—often CNNs and RNNs—was mapped
to a spatially distributed collection of processing elements optimized for 8-bit
integer or 16-bit fixed-point operations, depending on precision sensitivity. Brain-
wave demonstrated a scalable design wherein multiple FPGAs were connected
via high-speed interconnects, allowing data to flow across a multi-device topol-
ogy without incurring costly memory offloading to host CPUs. In the context
of edge deployment, this architectural modularity enabled task partitioning and
redundancy, thereby supporting fault-tolerant inference in safety-critical appli-
cations such as traffic monitoring or drone navigation. An important insight
from this case is that sustained throughput and predictability were prioritized
over dynamic adaptability, reflecting the mission-critical nature of the work-
loads and the static model assumptions common in high-assurance edge do-
mains. In contrast, Xilinx’s FINN and FINN-R toolchains—developed for the
deployment of quantized neural networks (QNNs) on FPGAs—focus on highly
resource-efficient, ultra-low-power inference suitable for embedded edge plat-
forms such as the Zynq UltraScale+ MPSoC family [73]. These designs often
feature binary or ternary weights and activations, allowing inference logic to be
implemented with minimal DSP usage and extensive LUT reuse. The case of de-
ploying a binary CNN for traffic sign recognition on a ZCU102 board illustrates
the effectiveness of such quantized architectures [74]. Here, the entire model
was partitioned into hardware layers using a streaming dataflow approach, with
dedicated line buffers and activation functions implemented in on-chip BRAM
[75]. The architecture employed layer-specific tiling and loop unrolling param-
eters to balance memory bandwidth and logic utilization. Despite the severe
quantization, the model maintained competitive classification accuracy on the
GTSRB dataset while consuming less than 2W total system power [76]. This
demonstrates how judicious co-optimization of algorithmic precision, memory
scheduling, and hardware configuration can yield real-time, power-efficient infer-
ence suitable for battery-operated platforms like smart cameras or autonomous
robots. Another instructive case is the deployment of YOLOv3-based object de-
tection models on Intel’s Stratix 10 and Agilex FPGAs for real-time industrial
defect inspection. These models require high-resolution image inputs and fast
frame processing to maintain production line throughput. Engineers adopted a
heterogeneous architecture, where the initial convolutional layers—accounting
for the bulk of compute—were offloaded to an FPGA fabric configured as a
systolic array of MAC engines, while non-convolutional post-processing stages
ran on the integrated hard ARM cores. The use of Intel’s OpenVINO toolkit
allowed model conversion and performance tuning across different quantization
levels [77]. FPGA-specific kernels were compiled via the Intel HLS Compiler,
with customized pipeline stages to align with the memory hierarchy and data
layout of the device. The system achieved sub-20ms latency per frame while
maintaining over 85% mean average precision, demonstrating that even compu-
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tationally intensive detection models can be made to run efficiently on FPGAs
without offloading to discrete GPUs [78]|. However, this case also highlighted
the challenge of achieving timing closure and memory interface optimization in
designs involving multiple asynchronous data paths, necessitating extensive it-
eration and floorplanning expertise. The deployment of edge Al on autonomous
drones presents a unique use case with extreme constraints in terms of size,
weight, power (SWaP), and latency [79]. One such case involved integrating
an FPGA-based feature extraction accelerator onto a UAV flight control board
powered by a Xilinx Zyng-7000 SoC. The model in question was a streamlined
version of MobileNet, with depthwise separable convolutions approximated us-
ing integer arithmetic. Here, the emphasis was on minimizing inference latency
to enable obstacle avoidance and target tracking within a 30ms control loop
[80]. The FPGA implementation consisted of custom PE clusters configured via
a dynamic scheduling FSM, which adjusted the compute flow based on UAV
state and sensor data volume [81]. Partial reconfiguration support allowed the
flight control logic and the CNN inference engine to co-exist within the same
device, enabling both hard real-time control and machine vision with minimal
interference [82]. Despite limited computational resources, the platform achieved
10 FPS inference at under 5W system power, validating the efficacy of FPGA-
based edge Al in severely resource-constrained, latency-sensitive embedded en-
vironments. In wearable health monitoring systems, FPGAs have also proven
useful for continuous biosignal processing with machine learning classifiers [83].
A notable case involved an arrhythmia detection pipeline implemented on an
Intel MAX 10 FPGA, where input ECG signals were preprocessed using dig-
ital filters and then passed through a compact LSTM-based classifier trained
offline and quantized to 8-bit weights. Given the continuous nature of input and
the need for sub-millisecond response times in life-critical settings, the system
was designed to support overlapping window execution and re-entrant process-
ing. The classifier’s memory and computation were tiled to fit within the device’s
limited BRAM and DSP blocks, and data augmentation techniques were applied
to stabilize quantized model accuracy. Real-world deployment tests showed suc-
cessful heartbeat classification with over 95% sensitivity and specificity, while
operating under 100mW power—enabling week-long use on a single charge [84].
This case underscores the suitability of FPGAs for biomedical edge Al, where
deterministic execution, long battery life, and privacy-preserving local compu-
tation are paramount. Collectively, these case studies illustrate the breadth and
depth of FPGA applications in edge deep learning, and more importantly, the
diversity of strategies that must be adopted depending on the specific deploy-
ment scenario [85]. No one-size-fits-all architecture exists; rather, success hinges
on the careful alignment of algorithmic design, hardware resource management,
system integration, and application-level constraints. From ultra-low-power bi-
nary networks for embedded vision to high-throughput, reconfigurable detection
pipelines in industrial automation, FPGAs have demonstrated their unmatched
versatility and effectiveness [86]. As tools, compilers, and IP libraries mature, and
as community best practices continue to crystallize through case-driven design,
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the accessibility and adoption of FPGA-based acceleration for intelligent edge
systems are poised to grow rapidly, unlocking new frontiers in high-performance,
efficient, and trustworthy embedded AI deployment.

8 Conclusion and Future Directions

The convergence of deep learning and reconfigurable hardware has opened a
transformative pathway for intelligent computing at the edge, where energy ef-
ficiency, latency sensitivity, and adaptability are paramount. In this context,
FPGAs have emerged not merely as alternatives to CPUs and GPUs but as
fundamentally distinct platforms capable of tailoring computational structures
to the intricate needs of modern AI workloads. This review has traversed the
expansive design landscape of FPGA-based deep learning accelerators—from
architectural taxonomies and design methodologies to dynamic runtime recon-
figuration, benchmarking paradigms, and real-world case studies—each revealing
a critical dimension of how scalability, efficiency, and versatility are architected
into edge systems. The essential theme that emerges is not just one of perfor-
mance gains or hardware-software co-optimization, but a broader rethinking of
how Al can be spatially, temporally, and contextually aligned with the environ-
ments in which it operates. As deep learning models grow more complex and
edge applications become more diverse and demanding, the role of FPGAs will
likely deepen, evolving beyond fixed-function acceleration to become adaptive
computational substrates embedded within our physical world.

Yet, the full potential of FPGA-based acceleration remains constrained by
several persistent challenges that future research and development must system-
atically address. Toolchain maturity remains one of the most critical bottlenecks.
While high-level synthesis tools, domain-specific compilers, and ML integration
frameworks have significantly lowered the barrier to FPGA deployment, the
learning curve, debugging complexity, and limited abstraction layers still impede
mass adoption. There is a pressing need for unified software stacks that allow
developers to target FPGAs using familiar ML abstractions while automati-
cally generating optimized hardware implementations that respect performance,
power, and area constraints. Such tools should not only support quantization-
aware training and pruning-aware mapping, but also integrate hardware profil-
ing feedback in an iterative loop akin to traditional compiler optimizations. The
emergence of frameworks like MLIR, TVM-VTA, hlsdml, and Xilinx Vitis Al
points in this direction, but widespread interoperability, platform-independence,
and ease-of-use remain aspirational. A future in which FPGA acceleration is
accessible to every ML developer—without requiring hardware design exper-
tise—will hinge on whether the compiler and runtime ecosystems mature into a
unified, end-to-end deployment paradigm.

Another area demanding deeper exploration is the integration of reconfig-
urability and learning, not merely as separate capabilities but as tightly cou-
pled properties of adaptive Al systems. Current FPGA-based platforms allow
dynamic reconfiguration and runtime control, but these mechanisms are often
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orchestrated via static rules or pre-specified policies. The frontier lies in building
intelligent FPGA platforms that can reason about their own configuration states,
observe environmental variables such as power availability or workload diversity,
and adjust their hardware behavior using learned strategies. This introduces
the exciting possibility of deploying control models—based on reinforcement
learning, Bayesian optimization, or neuro-symbolic reasoning—that guide FPGA
configuration decisions in real-time, turning the FPGA into a self-optimizing or-
ganism. In such systems, the hardware becomes an active participant in the Al
lifecycle, not merely executing neural computations but shaping how, when, and
with what precision those computations are carried out. Embedding this intel-
ligence into the FPGA’s runtime control fabric could enable dramatic leaps in
adaptability, efficiency, and robustness—particularly in scenarios involving edge
swarms, autonomous robotics, or fault-tolerant sensor networks.

Moreover, as deep learning itself evolves—with the rise of foundation models,
multi-modal pipelines, and sparse dynamic computation graphs—the architec-
tural templates used in current FPGA accelerators will need to undergo sub-
stantial transformation. Traditional CNN and MLP-based pipelines, while still
important, are being supplemented and, in many cases, supplanted by trans-
former architectures, graph neural networks, and hybrid neuro-symbolic systems.
These models pose new challenges: irregular memory access patterns, high tem-
poral dependencies, dynamic activation paths, and massive parameter footprints
that strain the resource budgets of embedded FPGAs. Addressing these will re-
quire new forms of architectural innovation: dynamically reconfigurable attention
engines, logic-level support for sparse matrix multiplications, near-memory com-
putation for intermediate activations, and the integration of domain-specific IP
blocks such as AI Engines or custom vector processors within the FPGA fab-
ric. Equally important is the evolution of interconnect and memory subsystems,
which must support efficient pipelining and buffering across multiple compute
regions, enabling fine-grained partitioning of large models across reconfigurable
hardware instances. This also implicates the broader system design—where FP-
GAs must be tightly integrated with CPUs, NPUs, and potentially neuromorphic
accelerators to form hybrid processing substrates capable of executing complex
workloads with real-time constraints.

In the long term, the emergence of chiplet-based and 3D-stacked FPGA
technologies will further reshape the landscape, allowing modular integration
of reconfigurable logic, analog computing blocks, in-memory compute arrays,
and high-bandwidth interconnect fabrics. These advances promise to overcome
many of the spatial and power delivery limitations of monolithic FPGAs, en-
abling highly specialized, edge-optimized Al platforms that can adapt at both
the functional and structural levels. Combined with trends in approximate com-
puting, event-driven execution, and federated inference, such developments point
toward a vision in which edge intelligence is no longer a constrained derivative
of cloud-based AI but an autonomous, first-class computational paradigm in its
own right. FPGAs, with their inherent morphability, will play a central role in
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this vision—not only as accelerators but as cognitive substrates capable of host-
ing AI that evolves, adapts, and endures across time, tasks, and environments.
In conclusion, the intersection of deep learning and FPGA-based accelera-
tion represents a frontier of immense opportunity and complexity. It is a domain
where architectural creativity, algorithmic ingenuity, and system-level pragma-
tism must coexist, constantly balancing the trade-offs between flexibility, perfor-
mance, and cost. As the demand for ubiquitous intelligence continues to grow,
and as edge systems take on increasingly vital roles in our infrastructure, indus-
try, and daily lives, the strategic deployment of custom, reconfigurable acceler-
ators will become essential. FPGAs are not a panacea, but they are uniquely
positioned to embody a new computational ethos—one that is adaptive, effi-
cient, and intimately aware of its physical and contextual constraints. Through
continued advances in tools, design methodologies, and application-driven inno-
vation, FPGA-based Al systems will no longer be niche or exotic. They will be
foundational pillars of the next generation of embedded intelligence.
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