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Abstract

The increasing complexity of Convolutional Neural Networks (CNNs) and their
deployment in resource-constrained environments have emphasized the importance
of efficient hardware accelerators. Field Programmable Gate Arrays (FPGAs) pro-
vide an attractive balance of performance, energy efficiency, and flexibility for deep
learning inference. However, implementing modern CNNs, particularly those with
architectural features such as skip connections, on FPGAs presents considerable

challenges related to performance, latency and resource utilization.

This thesis presents nn2FPGA, a novel high-level synthesis based framework that
automatically compiles quantized CNN models into highly efficient static dataflow
accelerators targeting embedded FPGAs. The framework performs graph-level
optimizations for managing skip connections, provides a templated C++ library
supporting various CNN layers and data types, and a binary integer programming
(BIP) based design space exploration strategy that balances throughput and hardware

resource usage.

A key contribution is the introduction of buffering-aware optimizations that min-
imize on-chip memory requirements for residual blocks through techniques such as
temporal reuse and loop merging. These enable efficient fusion of operations across
branches while preserving dataflow parallelism. Furthermore, the BIP formulation
enables optimal selection of loop unroll factors across layers, maximizing throughput
under DSP and memory constraints and subsequently minimizing resource usage for

fixed performance targets.

The proposed framework is validated on several state-of-the-art CNN models,
including ResNet8, ResNet20, and MobileNetV2, using datasets such as CIFAR-10
and ImageNet, and deployed on various Xilinx/AMD FPGA platforms. Experimental

results demonstrate throughput improvements of up to 7x compared to other HLS-



based tools and even a 10% speedup over a handcrafted RTL design, confirming the
viability of HLS-based CNN acceleration when guided by rigorous optimization.

This thesis proposes nn2FPGA as a scalable and robust methodology for hardware-
aware CNN compilation and provides the basis for future research to support more
neural network topologies and application domains, including object detection and

semantic segmentation.
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Chapter 1

Introduction

1.1 Motivation: Efficient CNN inference for edge de-

vices

In recent years, CNNs have become fundamental for a wide range of applications in
modern computer vision, improving the performance in tasks such as image clas-
sification, object detection, and semantic segmentation [3] [4]. Their effectiveness
comes from increasingly deep and complex architectures that exploit design innova-
tions, including skip connections[5] and depthwise separable convolutions [6], to

reach high levels of precision.

The deployment of these models on edge devices, such as drones, autonomous
sensors, and [oT nodes, remains challenging, as such platforms operate under tight
constraints in terms of computation, memory, and energy consumption [7] [8].
Conventional deployment strategies based on cloud inference or power-hungry
Graphics Processing Units (GPUs), are generally unsuitable in these scenarios. In
contrast, FPGAs offer a compelling alternative: their fine-grained parallelism capac-
ity, their ability to achieve low-latency inference in real time, and their adaptability to
application-specific requirements come with significantly reduced power consump-

tion compared to general-purpose accelerators [9].

Beyond these aspects, several architectural features make FPGAs particularly
appropriate for the deployment of CNNs on constrained platforms. Their spatially
reconfigurable pipelines allow convolutional operators and activation flows to be
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implemented directly in hardware. This property enables predictable latency and
sustained throughput, which are essential in real-time scenarios. In addition, the
presence of large on-chip memories mitigates external reliance Dynamic RAM
(DRAM), reducing one of the main contributors to energy consumption in deep
learning workloads. The ability to customize arithmetic precision and degree of
parallelism on a per-layer basis also provides an advantage when handling irregular
structures such as depthwise convolutions or skip connections, which often lead to
imbalanced utilization on fixed architectures. Taken together, these characteristics
reinforce the suitability of FPGAs for edge deployments where power, memory, and
latency constraints dominate system design.

Despite their promise, multiple obstacles limit the efficient use of FPGAs for
CNN inference. The structural complexity of modern architectures, particularly those
that employ skip connections, presents irregular data dependencies and demands
on-chip buffering [10]. Standard high-level synthesis flows and generic compilers
typically struggle to obtain optimal dataflows, resulting in inefficient allocation of
resources. At the same time, hand-crafted Register Transfer Level (RTL) implemen-
tations, although more efficient, are prohibitively time-consuming, error-prone, and
impractical to maintain across different models and devices. Furthermore, the prob-
lem of Design Space Exploration (DSE) deciding how to distribute scarce hardware
resources across the many layers of a CNN remains computationally complex and
strongly impacts performance. Suboptimal allocations often introduce bottlenecks in
critical layers, which limit the throughput of the entire pipeline.

These challenges motivate the thesis work, which aims to design a framework that
automates and optimizes the deployment of CNNs on embedded FPGAs. The main
goal is to achieve maximum throughput within the resource budgets of edge plat-
forms; this requires a co-design strategy that integrates compiler-level optimizations,
hardware-aware graph transformations, and mathematically grounded approaches to

resource allocation.

By combining an analysis on neural architectures, FPGA capabilities, and auto-
mated optimization flows, this thesis aims to improve the efficiency of edge Artificial
Intelligence (Al) and broaden the accessibility of high-performance inference in

real-world embedded applications.
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1.2 Problem Statement: Mapping modern CNNs onto
FPGAs

Although FPGAs are promising candidates for accelerating CNN inference due to
their reconfigurability and energy efficiency [11] [9], mapping modern architectures
to these platforms remains an open challenge. The core difficulties lie not in the
general motivation for edge inference, but in the fundamental tension between the

CNN computational characteristics and the hardware constraints of FPGA.

Memory limitations represent a persistent bottleneck and CNNs feature hundreds
of layers with large parameter sets and huge feature maps. Typical FPGAs provide
only a few megabytes of On-Chip Memory (OCM), forcing frequent off-chip DRAM
accesses; this issue increases latency and energy consumption reducing the benefits
of FPGA acceleration.

The heterogeneity of CNN layer types complicates accelerator design. While
early CNNs were dominated by convolution and pooling layers, modern networks
employ diverse operators such as depthwise and group convolutions, residual connec-
tions, and attention modules [6][12]. Efficiently supporting this variety on a single
FPGA design requires flexible yet optimized hardware templates, which is a difficult
balance to achieve.

Optimization of resource allocation and parallelism represent significant chal-
lenges, CNNs have high parallelism, but optimal scheduling across layers must
carefully balance computations, memory, and bandwidth. The finite availability of
Digital Signal Processing Unit (DSP) slices, Look-Up Tabless (LUTs), and intercon-
nections restrict the level of parallel execution, making layer-by-layer optimization

essential [13].

Moreover, the design productivity time limits practical deployment. Hand-coded
Hardware Description Language (HDL) can produce efficient implementations, but
requires substantial engineering effort. High Level Synthesis (HLS) offers higher
abstraction, yet often produces suboptimal hardware without expert guidance, as a
result, accelerator development remains time consuming, limiting portability and
scalability [14].

Finally, the architectural paradigm for mapping CNNs to FPGAs is itself a

key problem. Two main approaches dominate: overlay-based accelerators, which
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offer programmability and easier re-targeting across models, and dataflow-based
accelerators, which provide superior throughput and energy efficiency by directly
mapping operations onto spatial pipelines. However, both approaches present trade-

offs, and no universally optimal strategy has emerged [15][16].

1.3 Research Objectives

The challenges outlined in 1.2 highlight the need for systematic methodologies,
the overall objective of this thesis is to bridge the gap between the computational
requirements of state-of-the-art models and the resource constraints available in the
devices, enabling practical and scalable inference at the edge.

For this purpose, the research conducted in this thesis has the following objec-
tives:

* Analyze the impact of CNN architectural trends (e.g., depthwise convolutions,
residual connections) on FPGA mapping efficiency and identify bottlenecks

in computation, memory, and scheduling across representative FPGA devices.

* Investigate the trade-offs between overlay-based and dataflow-based accelera-

tor designs, with respect to performance, flexibility, and design productivity.

* Develop an optimization strategy for dataflow accelerators that enhances
CNN-to-FPGA mapping by optimizing thememory hierarchy, balancing com-

putation—communication, and exploiting efficient parallelism.

e Implement and evaluate the proposed strategies on representative CNN bench-
marks (e.g., ResNet, MobileNet, EfficientNet) across different FPGA plat-
forms.

* Demonstrate improvements in throughput and energy efficiency while preserv-
ing the accuracy of the model.

The thesis aims to deliver a comprehensive framework that allows FPGA acceler-

ation of CNNg, facilitating their deployment in resource-constrained edge scenarios.



Chapter 2

Background

2.1 Convolutional Neural Networks: An Overview

CNNs have become the dominant architecture for computer vision tasks, enabling
breakthroughs in image classification, object detection, and semantic segmenta-
tion. Unlike traditional approaches that relied on handcrafted feature extraction,
CNNss learn hierarchical feature representations directly from data, yielding superior

accuracy and robustness [17] [18].

The modern era of deep CNNs began with AlexNet [19], which demonstrated
that large-scale convolutional models trained on GPUs could dramatically outper-
form classical methods in the ImageNet classification challenge. Following this,
architectures such as VGGNet [20] explored the impact of network depth by stacking
multiple small convolutional filters, while GoogLeNet [21] introduced multibranch

modules to capture features at different scales efficiently.

A major advancement in this field was the introduction of residual connections
in ResNet [5], which allowed deeper networks to be trained by alleviating issues
related to the vanishing gradient. Subsequent models, such as DenseNet [22],
further improved information flow through dense connectivity patterns and research
on efficiency led to lightweight models such as MobileNet [6] and ShuffleNet
[23], which leveraged depthwise separable and grouped convolutions to reduce
computational complexity, making CNNs more suitable for mobile and embedded

devices.
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In addition to architectural innovations, CNNs have increasingly incorporated
specialized operators, normalization, and activation strategies; these advances signif-
icantly improve accuracy but they also introduce heterogeneity and irregularity in

computation patterns, complicating hardware acceleration.

From a hardware perspective, the evolution of models caused an ever-increasing
demands for computational throughput and memory bandwidth. For example, mod-
els like VGG-16 require hundreds of millions of parameters and tens of billions of
floating-point operations per inference. Even more compact models such as Mo-
bileNet or EfficientNet, while optimized for mobile Central Processing Units (CPUs),
still pose challenges for deployment in resource-constrained devices, so these trends
underscore the need for specialized hardware acceleration strategies, including
FPGAs and Application-Specific Integrated Circuits (ASICs).

2.2 FPGA Fundamentals

An FPGA is a type of integrated circuit that can be configured after manufacturing to
implement custom hardware architectures; unlike ASICs, which are fixed at design
time, or GPUs, which are optimized for general-purpose parallel workloads, FPGAs
provide balance between flexibility, parallelism, and energy efficiency. This makes
them particularly suitable for accelerating computationally intensive workloads such

as CNNs, especially in resource-constrained scenarios.

FPGASs are made up of:

* Configurable Logic Blocks (CLBs): programmable elements built around
logic gates, LUTs and flip-flops that can implement arbitrary Boolean logic.

* DSP slices: dedicated hardware units inside the fabric designed for digital
signal processing and Multiply and Accumulate (MAC) operations.

* Block RAM (BRAM): embedded memory banks of dual port RAM blocks
that are capable of working with different clocks, aiding in the construction of
building FIFOs and dual port buffers that bridge clock domains.

* Routing interconnects: reconfigurable network that connects CLBs, DSPs, and
BRAM according to the topology of the target circuit.
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* /O interfaces: connections to off-chip memory (Double Data Rate (DDR),
High Bandwidth Memory (HBM)) and peripheral devices.

This configurable architecture allows designers to implement deeply pipelined, par-
allel compute units that directly match the structure of neural network workloads
controlling the degree of parallelism, the scheduling of operations, and the placement
of data in memory. In this way FPGAs can also deliver deterministic latency and
energy efficiency, eventually surpassing GPUs in performance per watt for specific

tasks.

Modern FPGA design is implemented by Electronic Design Automation (EDA)
flows that typically begin with a high-level description of the application, traditionally
relying on HDLs (e.g. VHSIC Hardware Description Language (VHDL) and Verilog)
but the advent of HLS tools has made it possible to use C/C++ or SystemC as input.

The design process starts with a high-level specification, where the algorithm
is described in high-level language (e.g. C/C++); then the code is synthesized into
RTL, mapping the operations to logic elements, DSPs, and memory resources. Then
place-and-route is performed and the synthesized design is physically mapped to
the FPGA platform. Finally the bitstream is generated, which produces the binary
configuration required for deployment on the target device (fig. 2.1).

2.3 NN Acceleration on FPGAs

CNNss are naturally mapped onto the FPGA fabric due to the high degree of regularity
in their operations. Convolution layers, for example, can be parallelized across output
channels, input channels, and kernel elements. Pooling and activation functions are
lightweight and pipelinable, while fully connected layers can be expressed as large
matrix-vector multiplications. Moreover, dataflow-style execution, where layers are

connected in a streaming pipeline, fits the FPGA execution model particularly well.

Despite these advantages, the deployment of CNNs on FPGAs also introduces
several challenges. A first limitation is the scarcity of resources, particularly DSPs
and BRAMs, which is critical on embedded devices. Another issue concerns memory
bandwidth, since off-chip DRAM accesses are expensive in terms of both latency and
energy. Finally, the process of DSE remains inherently complex, since the selection

of unrolling factors, tiling strategies, and precision formats strongly influences both
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performance and feasibility. These challenges motivate the adoption of structured

methodologies, such as the accelerator paradigms discussed in the following section.

2.3.1 Accelerator Paradigms: Overlay vs. Dataflow

Unlike CPUs or GPUs, which offer fixed programming models, FPGAs require
explicit design decisions about parallelism, pipelining, and memory organization. In
order to address this problem two primary paradigms have emerged for Deep Neural
Network (DNN) acceleration: overlay-based accelerators and dataflow accelerators.

Overlay-based approaches aim to provide a general-purpose hardware template
that can support a multiple networks through reconfiguration, they are typically
based on systolic arrays or matrix multiplication engines, similar to GPU or Tensor
Processing Unit (TPU) tensor cores and they achieve programmability by time-
multiplexing a fixed compute fabric across layers.

Overlay-based accelerators offer a core advantage: they can be reused across
multiple models, thereby avoiding the need to regenerate a bitstream for each new
network. This results in shorter compilation times and facilitates integration with
existing deep learning frameworks. These benefits come at the cost of reduced effi-
ciency, fixed array dimensions often lead to underutilization of resources, while the
programmability required for general-purpose operation introduces logic overheads;
moreover, overlays typically provide limited opportunities for streaming data reuse,

which results in suboptimal memory utilization.

By contrast, dataflow accelerators implement each CNN layer, or groups of
layers, as dedicated hardware pipelines. Computation progresses in a streaming
fashion: as soon as the first layer produces its initial output, subsequent layers can
begin processing without waiting for the entire input image. This form of layer-
parallelism enables both high throughput and low latency. Dataflow architectures
allow hardware resources to be tailored to the requirements of individual layers,
while keeping intermediate results on-chip reduces costly off-chip memory traffic.
Their performance is also predictable, being determined by the throughput of the
slowest pipeline stage, which can be balanced through careful DSE. On the other
hand, dataflow designs also have limitations. Each new network topology may

require recompilation, and the design space exploration is inherently complex, as
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optimal unrolling factors and resource allocations vary across layers and must be
coordinated globally.

The NN2FPGA framework propose the dataflow paradigm and extends it with
graph-level optimizations for skip connections combined with a binary integer pro-
gramming approach to DSE this enabling near optimal throughput while minimizing

resource waste.

2.3.2 High-Level Synthesis for FPGA-based CNNs

HLS has become a fundamental approach for accelerating neural networks for
FPGAs[24]; by enabling designers to specify functionality in high-level languages
such as C, C++, SystemC, or OpenCL, this approach drastically reduces the gap be-
tween algorithm development and hardware realization: instead of manually crafting
RTL descriptions, developers can use automated transformations to map constructs
into parallel hardware structures. This paradigm shortens the design cycle, allowing
researchers to focus on architectural exploration, while still exploiting FPGA features

such as deep pipelining, fine-grained parallelism, and on-chip memory hierarchies.

Vitis HLS [1] is one of the most common commercial solutions offered by
AMD/Xilinx. It provides an ecosystem with a set of directives that help design-
ers to restructure computations for performance through loop pipelining, unrolling,
array partitioning, and dataflow pragmas, eventually improving parallelism in con-
volutional loops, reducing initiation intervals, and increasing data reuse. These
optimizations are indispensable for CNN inference, where throughput is highly de-
pendent on balancing computational parallelism with memory bandwidth. Despite its
strengths, Vitis HLS remains vendor-dependent and requires careful hardware-aware
programming: standard C implementations typically fail to exploit the FPGA fabric
efficiently without proper pragma tuning.

An alternative commercial tool is the Intel HLS Compiler [25], integrated into
the Quartus Prime toolchain. Intel’s approach places emphasis on OpenCL kernels as
the entry point, which makes it attractive for heterogeneous computing environments
where FPGAs are deployed alongside CPUs and GPUs. The recent shift towards the
oneAPI model illustrates Intel’s attempt to unify the programming of CPUs, GPUs,

and FPGAs under a single framework. While promising in terms of portability, its
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ability to generate highly optimized streaming accelerators for CNNs has not been

demonstrated as extensively as in the Xilinx ecosystem.

Other industrial-grade tools, including Cadence Stratus HLS [26] and Siemens
Catapult HLS [27], are frequently used in ASIC/FPGA co-design flows. These tools
rely on SystemC and provide scheduling, verification, and design space exploration
capabilities; they are particularly valued in industrial contexts where accelerators
must be integrated into complex System on Chips (SOCs) so their adoption in
academic research for CNN inference is less widespread, but remains important for

state-of-the-art design methodologies.

In addition to these commercial solutions, several open-source HLS frameworks
have been developed to improve the accessibility to FPGA design. PandA-Bambu
[28], developed at the Politecnico di Milano, supports C/C++ input and translates it
into RTL through a transparent compilation flow comprising front-end parsing,
middle-end optimizations, and back-end RTL synthesis. Its ability to perform
aggressive bitwidth analysis, resource sharing, and operator customization makes
it well suited for experimental research where fine-grained architectural control is
essential. Another project is LegUp [29], developed at the University of Toronto and
later commercialized as SmartHLS [30] by Microchip, it showed how automatically
mixed software—hardware partitioning could be achieved, highlighting the potential
of HLS for the design of FPGA accelerators.

MLIR-based HLS flows have emerged more recently as an evolution, projects
such as ScaleHLS [31] and the SODA Synthesizer [32] leverage the Multi-Level
Intermediate Representation (MLIR) to introduce optimization passes at multiple
abstraction levels. These flows can automatically generate optimized HLS code
annotated with pragmas by analyzing loop transformations, dataflows, and graph-
level dependencies. Although still less mature than industrial-grade tools, they show
a growing convergence between compiler technology and hardware synthesis, paving

the way for more systematic and portable accelerator generation.

In summary, the landscape of HLS tools is very dynamic, commercial solutions
such as Vitis HLS and Intel HLS dominate due to their maturity and integration
with vendor ecosystems, while open-source frameworks provide transparency and
flexibility for academic innovation. Emerging MLIR-based approaches suggest
that the future of FPGA compilation will increasingly focus on software compiler

technology with multi-level optimizations driving automated design space explo-
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Fig. 2.1 Vitis HLS workflow (from [1])

ration. Despite their differences, existing HLS tools share limitations when applied
to modern CNNs because they are often vendor specific, not easily portable, and lack
integrated mechanisms to optimize across entire network graphs. These limitations
set the stage for the contributions of this thesis, which extend the capabilities of HLS
with graph-level transformations and optimization-driven design methodologies.

2.4 Related Work in FPGA-based CNN Frameworks

Several frameworks have been proposed to automate CNN deployment on FPGAs:

* FINN (Xilinx) [33]: targets quantized neural networks (QNNs) with a dataflow
architecture. It provides a library of templated operators enriched with HLSs
pragmas. FINN achieves high efficiency for binarized or ternary networks
but struggles with more complex topologies like ResNet or MobileNet due to
limited skip connection support.

* hls4ml [34]: originally developed for physics experiments at CERN, it converts
fully connected or shallow CNNs into HLS descriptions. It prioritizes low-
latency inference by fully unrolling loops and storing weights on-chip, but this

approach poorly scales to deeper models.
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* Vitis Al: provides a compilation stack for deploying CNNs on AMD/Xilinx
FPGAs, it relies on predefined overlays and does not support dataflow-style
full-network pipelining, limiting efficiency compared to specialized frame-

works.

e MLIR-based tools [35] (e.g. ScaleHLS, SODA Synthesizer): explore compiler-
driven generation of accelerators. These frameworks combine graph-level
optimizations with HLS backends, promising portability and extensibility.
However, their maturity is still limited compared to that of industrial tools.

» fpgaConvNet [36]: provides an automated toolflow to generate FPGA-based
CNN accelerators through graph-level transformations and a simulated anneal-
ing (SA) DSE guided by an analytical performance model. The framework
provides dataflow-style accelerators and achieves high throughput on con-
ventional convolutional layers. However, SA-based exploration is heuristic,
meaning that the selected configuration is not guaranteed to be globally opti-

mal.

These frameworks present three main limitations. First, they exhibit a strong
dependence on vendor-specific HLS tools and predefined operator libraries, which
impedes portability and flexibility. Second, frameworks offer only limited support for
complex network structures, such as skip connections or other irregular topologies
that restrict their applicability to modern CNN architectures. Finally, they generally
lack global strategies for resource allocation and throughput optimization, resulting
into suboptimal performance when mapping large and heterogeneous models onto
the available FPGA.

These issues justify nn2FPGA framework, which integrates graph rewriting,
buffering-aware compilation, and Binary Integer Programming (BIP) DSE, aiming
to combine the efficiency of dataflow accelerators with the flexibility of automated

compilation.



Chapter 3

The nn2FPGA Compiler Architecture

3.1 Introduction to the Compiler Framework

The design of efficient FPGA-based accelerators for DNN requires a comprehensive
toolchain that integrates the description of software-level model with the correspond-
ing hardware implementation. HLS tools such as Vitis HLS simplify the generation
of RTL from C/C++ code, but the challenge of converting complex neural network
graphs into efficient dataflow architectures still remains. The nn2FPGA compiler was
designed to address this challenge by automating the entire flow from a quantized

deep learning model to a deployable FPGA bitstream.

The framework focuses specifically on CNNs with skip connections, such as
ResNets and MobileNetV2. These kind of networks introduce irregular computation
patterns that are difficult to map into static dataflow pipelines due to the synchro-
nization requirements of residual blocks. The compiler provides both graph-level
optimizations and resource-aware scheduling to mitigate buffering overheads and

maximize throughput under hardware constraints.

The flow includes quantization-aware training and integer-only inference, en-
suring that the generated circuits are efficient from resources point of view and
compatible with FPGA DSP blocks. The network is first exported as a standard-
ized intermediate representation Quantized ONNX (QONNX) [37], optimized and
transformed into synthesizable C++ code, and finally compiled into RTL and FPGA
bitstreams using AMD Vitis and Vivado tools. Through its modular design, nn2FPGA

provides three main contributions:
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* A quantization pipeline based on integer arithmetic and batch normalization
folding, ensuring minimal accuracy loss while improving hardware compati-
bility.

* A static dataflow accelerator template library that can be customized for each
network layer, with built-in support for hierarchical pipelining and streaming
execution.

* A set of graph optimization steps for residual blocks that reduces buffering
requirements in skip connections, enabling efficient acceleration of modern

CNNs under resource-constrained devices.

This chapter describes the architecture of nn2FPGA, starting with the quanti-
zation process and model preparation (Section 3.2), followed by the compiler flow
and intermediate representations (Section 3.3), and the accelerator architecture (Sec-
tion 3.4). Then optimizations for convolutions (Section 3.5) are discussed before
concluding with the description of window buffer and graph-level optimizations for
skip connections (Section 3.6).

3.2 Quantization and Model Preparation

Quantization plays a fundamental role in the nn2FPGA compilation flow, as it
reduces both the memory footprint and the computational cost of deep neural net-
works (DNNs) while enabling efficient mapping onto FPGA resources. In practice,
quantization replaces floating-point arithmetic, typically in single precision, with
fixed-point integer operations. This reduction in bitwidth allows for more compact
storage of weights and activations, decreases memory bandwidth requirements, and
facilitates direct exploitation of DSP blocks available on modern FPGAs.

3.2.1 Quantization Methods

Two main approaches can be adopted to perform quantization: Post-Training Quan-
tization (PTQ) and Quantization-Aware Training (QAT). PTQ is applied to a pre-
trained floating-point model and is attractive for its simplicity and rapid deployment.

However, PTQ often suffers from accuracy degradation, especially for complex
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architectures or low bitwidth configurations. In contrast, QAT integrates the quan-
tization process into the training loop: the forward and backward passes explicitly
simulate reduced precision, allowing the model to adapt to quantization effects and
thus mitigating accuracy loss. Although QAT requires additional training effort, it
typically achieves superior trade-offs between accuracy and hardware efficiency.

In nn2FPGA, quantization is performed using a symmetric and uniform scheme
with power-of-two scaling factors. This choice simplifies hardware implementa-
tion, since rescaling operations can be mapped to shift operations instead of costly
multiplications. Given a floating-point value b and a target precision of bw bits,
quantization is defined as:

0(b) = clip <r0und(b 275, dumin, amax) 2 3.1

where s is the scaling exponent, and ap,in, amax represent the clipping bounds:

0 if unsigned
Amin = AClyin(s) = 3.2
min mm( ) { _2bw—1—S if signed G2
2bw=s _ 1 if unsigned
Amax = AClmax () = 3.3
max max ($) { obw—l=s  if signed o

Zero-points are omitted as the scheme is symmetric around zero. This formulation
ensures efficient alignment across layers while avoiding unnecessary overheads

during inference.

Ilustrative example

To clarify the integer quantization process described in the previous subsection, a
simple example consistent with the nn2FPGA integer quantization format [38] is

reported.

Consider a floating-point activation value b = 0.37, quantized to an 8-bit signed
integer using a power-of-two scaling factor. Let 2° = 2* = 16. The quantized

representation is
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b = round (b -2*) = round(5.92) = 6.

The dequantized result used during inference is:

Q(b)=b-27*=0.375.

This example illustrates how to implement hardware-friendly quantization with
power-of-two scaling factors, since multiplications reduce to bit-shifts during com-
putation.

3.2.2 Brevitas and QONNX Generation

The training and quantization process is implemented using the Brevitas [2] library,
a PyTorch-based [39] framework for quantization-aware training. Brevitas provides
fine-grained control over weight and activation bitwidths and exports the quantized
model into the Open Neural Network Exchange (ONNX) format. QONNX is an
extension of the standard ONNX representation that includes quantization parameters

such as bitwidth, scaling factors, and signedness for each kind of layer.

This enriched representation is used as the input for the nn2FPGA compiler. By
embedding quantization metadata directly into the model graph, QONNX enables
full automation of the compilation process. It also guarantees interoperability with
other toolchains, ensuring that models can be exchanged and benchmarked across

different frameworks and tools.

Table 3.1 compares integer quantization using power-of-two scaling factors
versus floating point scaling factors. This comparison is based on Torchvision pre-
trained models and demonstrates that the choice of either method results in minimal

accuracy loss with respect to the floating point baseline.

3.2.3 Batch Normalization Folding

An important optimization applied during preprocessing is the removal of batch

normalization (Batch Normalization (BN)) layers through parameter folding. During
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Table 3.1 Comparison of integer PTQ using power-of-two versus floating point
scaling factors on ImageNet[2].

Model Quant. Weight bit Act. bit Scaling Accuracy

Floating point baseline 71.90%

MobilenetV2  INT 8 8 FP32 -0.83%
INT 8 8 Po2 -0.77%

Floating point baseline 69.76%

ResNet18 INT 8 8 FP32 -0.06%
INT 8 8 Po2 -0.14%

Floating point baseline 76.13%

ResNet50 INT 8 8 FP32 -0.44%
INT 8 8 Po2 -0.23%

Floating point baseline 77.37%

ResNet101 INT 8 8 FP32 -0.49%
INT 8 8 Po2 -0.34%

inference, BN can be expressed as an affine transformation, which can be merged

with the preceding convolution by modifying the values of its weights and biases [40].

Let y = Wx+ b be the output of a convolutional layer, followed by batch normal-

ization with parameters v, 8, u, and o2. The transformation becomes:

(y—u)

o +B=Wx+7b, (3.4)
(0} £

y=1v-

where W’ and b’ are the updated weights and biases. By folding BN operations

into convolution kernels at compile time, the number of operators to be synthesized

is reduced and memory accesses are minimized, thus decreasing both latency and
resource usage on the target FPGA.

Given a filter weight w, batch-normalization parameters ¥, 3, and variance o, the
folded weight W’ becomes:

W/ ’}/ W b/:B_ ’}/‘LL
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The resulting W' and b’ are then quantized using the same integer format as
above. This preprocessing stage produces a graph consisting only of quantized
operators (convolutions, pooling, element-wise functions), optimized for subsequent
HLS-based synthesis.

3.3 Compiler Flow and Intermediate Representations

The proposed nn2FPGA compiler automates the mapping of a quantized neural
network to an efficient FPGA accelerator by combining graph-level transformations,
automated code generation, and vendor supported HLS synthesis. The compilation
flow is structured into three main phases: translation of the quantized model into
HLS C++ code, generation of RTL with Vitis HLS, and integration into a deployable
system through Vivado.

3.3.1 From QONNX to HLS C++ Code

The input of the compiler is a QONNX description of the neural network obtained
through Brevitas. The compiler parses this representation and automatically gener-
ates synthesizable C++ code. Each operator in the network is mapped to a correspond-
ing module from the nn2FPGA template library, which contains hardware-optimized
implementations of convolutions, pooling, fully connected layers, and element-wise

operators.

As described in [38], this step also performs graph-level optimizations. In
particular, batch normalization layers are folded into convolution operators, and
redundant element-wise additions are merged when possible. These transformations
reduce both memory traffic and the number of compute kernels to be generated. The
final output is a set of parameterized C++ functions annotated with HLS pragmas

that expose parallelism and enforce streaming communication between operators.

3.3.2 RTL Generation with Vitis HLLS

The generated C++ code is synthesized into RTL using Vitis HLS. Each network

operator is implemented as an independent hardware process, while inter-layer
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communication is managed through First-In First-Out (FIFO)-based channels. The
use of the DATAFLOW and PIPELINE directives allows the compiler to instantiate
deeply pipelined execution units, enabling concurrent operation of different layers in

a static dataflow fashion.

At this stage, the design parameters, such as loop unrolling and memory parti-
tioning factors, have already been determined by the BIP-based DSE, ensuring an
optimized allocation of computational resources. The subsequent HLS synthesis
provides detailed performance and utilization reports, including latency, initiation in-
terval, and the occupation of LUTs, flip-flops, BRAMs, and DSPs. These reports are
used to validate that the synthesized design meets the expected resource constraints

and to confirm the correctness of the design space exploration results.

3.3.3 Vivado Integration and Bitstream Generation

After HLS synthesis, the model is exported as an Intellectual Property (IP) block and
integrated into a complete block design system through Vivado where standard bus
protocols, such as AXI4-Stream for data transfers and AXI4-Lite for configuration,
ensure interoperability with embedded processors and external memory controllers.
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Finally, the accelerator is synthesized, placed and routed to generate the final
bitstream for the target FPGA. Timing closure is a crucial stage, the tool applies
balancing strategies to avoid resource overutilization and mitigate routing congestion,
thus increasing the probability of achieving stable operating frequencies on different
FPGA platforms.

3.4 Accelerator Architecture

3.4.1 Static Dataflow Model

nn2FPGA compiler generates a hardware accelerator that follows a static dataflow
paradigm, in which each operator of the neural network is implemented as a dedicated
hardware block connected through streaming interface; the resulting architecture
enables high throughput by allowing multiple layers to execute concurrently, with
the global performance bounded by the initiation interval of the slowest stage in the

pipeline.

The accelerator consists of three main elements: operator tasks derived from
the QONNX model, streaming and memory interfaces for data transfer, and a
hierarchical pipelining scheme that overlaps computations efficiently. Each task
corresponds to a network operator such as a convolution, pooling, or activation
layer and communicates with others through FIFO channels. Concurrent execution
of different layers is enabled by the use of the DATAFLOW pragma in Vitis HLS, it
ensures that the computation starts as data become available, avoiding the need to

store intermediate feature maps in off-chip memory.

In this way, the performance of the model is predictable: latency and throughput
can be analytically estimated from the structure of the tasks. This static mapping
strategy is particularly good for edge inference workloads, where deterministic and

predictable performance are essential.

3.4.2 Task Categories

Tasks in the accelerator can be classified into two main categories:
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* Compute tasks: these include convolution, fully connected, and element-
wise operations. They dominate resource usage and determine the overall

throughput of the system.

* Memory tasks: these handle data transfers between on-chip buffers and
external memory. They are implemented with DMA engines connected via
Advanced eXtensible Interface (AXI) interfaces.

This categorization make simpler the compiler backend mapping each operator
in the QONNX graph to one of these hardware task templates.

3.4.3 Streaming and DMA Execution Model

In order to achieve high throughput, the accelerator relies on a fully streaming
execution model. Intermediate activations are transmitted between tasks through
point-to-point FIFO channels generated by HLS. Data entering or leaving the
accelerator is handled by DMA modules connected to the off-chip memory. The
compiler automatically generates these interfaces and assigns memory address spaces

to input and output tensors.

This design avoids redundant memory traffic: feature maps are not stored in
external memory that is only used for inputs or at the final output stage. All interme-
diate data are kept within the pipeline while weights are stored into on-chip memory
(BRAM and URAM) improving latency and energy efficiency compared to designs

where each layer is executed sequentially with off-chip storage of partial results.

3.4.4 Hierarchical Pipelining

The accelerator employs hierarchical pipelining at two levels:
1. Loop-level pipelining: achieved through the PIPELINE pragma ensuring that
loop bodies in compute tasks have an Initiation Interval (II) equal to 1.

2. Task-level pipelining: achieved using the DATAFLOW pragma, allowing multi-
ple operators to run concurrently as soon as their inputs are available.
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Fig. 3.2 Accelerator architecture with Direct Memory Access (DMA) blocks for
memory transfers (blue boxes) and concurrent tasks communicating through data
streams.

This approach allows the accelerator to maintain steady throughput once the
pipeline is filled, with latency dominated only by the depth of the pipeline. By the
minimization of the II of all the tasks, the compiler ensures that no single operator

becomes a bottleneck in the execution chain.

3.5 Convolution Computation Engine

Convolutional layers dominate the computational cost of modern CNNs, making
their efficient mapping onto FPGAs a crucial point of accelerator design. In the
nn2FPGA compiler, convolutional operators are implemented through a parameter-
ized Convolution Computation Engine. This module supports multiple convolution
types, including standard, depthwise, and pointwise convolutions, and is designed
to maximize throughput by exploiting parallelism at different levels. Furthermore,
several optimizations targeting the utilization of DSP blocks are applied to sustain

performance while respecting resource constraints.

3.5.1 Parallelization Strategies

Each convolution receives a window of input activations from a window buffer task,
while reading the needed filter windows from the local on-chip memory. The C++

HLS code outlined in Alg. 1 shows the convolution process and examples of how
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Table 3.2 Symbol definitions.

Symbol Description

ich Input tensor channels
ih Input tensor height

iw Input tensor width

och Output tensor channels
oh Output tensor height
ow Output tensor width
fh Filter tensor height

fw Filter tensor width

s Convolution stride

the computation pipeline receives input data and computes the partial results. Figure

3.3a provides a visual representation of the convolution architecture.

The innermost loops are completely unrolled over the filter dimensions and
partially over the input channels, output channels and output width dimensions. In a

typical convolution, nn2FPGA exploits three types of parallelization:

* Over input channels (ich”"): processing multiple 2D-windows of the same

pixel simultaneously, along the depth of the tensor.
* Over output channels (och”*"): processing multiple filters concurrently.

* Over output width (ow?%"): processing multiple output activations in parallel.

The unroll factors denoted by “par” imply fully data-parallel execution and are
closely tied to the number of Processing Elements (PEs) utilized. The relation
between unrolling factors and resources is analyzed in chapter 4, as they are leveraged

by DSE to achieve low latencies and high global throughput.

Depthwise convolutions are a special case of the generic convolution, in which
a different convolutional filter is applied to each channel, separately. From the
perspective of Alg. 1, depthwise convolution can be reinterpreted as a generic
convolution with just one filter and without the sum of partial results across input
channels. Following the nn2FPGA notation, this translates into having och, and by
consequence och”?", equal to 1. fig. 3.3b depicts the resulting depthwise convolution
architecture. The overall throughput of the kernel is proportional to the product
of these parallelism factors. However, their combined effect must be balanced
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1 template <typename a_in_t, typename a_out_t,

2 typename w_t, typename b_t, size_t ich,

3 size_t iw, size_t ih, size_t och,

4 size_t ow, size_t oh, size_t fh,

5 size_t fw, size_t ich_par, size_t och_par,
6 size_t ow_par, ...>

7 void conv(hls::stream<a_in_struct_t> &in_stream,

8 hls::stream<a_out_struct_t> &out_stream,

9 hls::stream<w_struct_t> &weights_stream,
10 hls::stream<b_struct_t> &bias_stream)

n {

12 t_acc s_acc_buffloch / och_par][och_par * ow_par];
13 #pragma HLS array_partition variable=s_acc_buff dim=3
14 #pragma HLS expression_balance off

16 for (auto wh_i=0; wh_i < (owxoh)/ow_par; wh_i++){

17 for (auto ich_i=0; ich_i < ich; ich_i+=ich_par){
18 for (auto och_i=0; och_i < och; och_i+=och_par){
19 #pragma HLS pipeline II=1 style=stp

21 w_t weights[och_par][ich_par][fh]l[fw];

2 b_t bias[och_par];

23 a_in_t inputl[ich_par][fh]1[fw + (ow_par - 1)1;
24 a_out_t output[och_par];

25

26 weights = weights_stream.read();

27 if (ich_i == 0) bias = bias_stream.read();

28 if (och_i == 0) input = in_stream.read();

29

30 // Completely unrolled section

31 for (auto s_och=0; s_och < och_par; s_och++){
k) for (auto s_ow=0; s_ow < ow_par; s_ow++){
3 for (auto s_ich=0; s_ich < ich_par; s_ich++){
34 compute_core<fh, fw>(s_acc_buff,

35 input, weights, bias, output);

36 }

37 }

38 }

39

40 if (ich_idx == ich - ich_par)

41 out_stream.write(output);

42 }

43 }

44 }

45 3}

Algorithm 1 Simplified convolution code from the nn2FPGA HLS library. The
convolutional loop is split into two parts, allowing the unrolled section to be adjusted
based on template parameters.
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Fig. 3.3 Convolution architectures. Activations follow horizontal lines, while accu-
mulators follow vertical ones. (a) depicts a 3 x 3 standard convolution. (b) depicts a
3 x 3 depthwise convolution with two overlapping windows convolved simultane-
ously.

against the availability of DSP, BRAM, and routing resources on the target device.
The compiler explores this design space through a BIP formulation, selecting the

parallelization parameters that maximize throughput under resource constraints.

3.5.2 DSP Optimizations

Modern FPGAs provides a limited number of DSP blocks, which represent the most
efficient resources for implementing MAC operations. To maximize their utilization,
the nn2FPGA compiler introduces two complementary optimization techniques:
DSP packing [41] and DSP chaining.
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DSP Packing

Since quantization reduces operands to 4-8 bits, multiple low-bitwidth multiplications
can be executed within a single DSP block. For instance, two INT8 multiplications
can be performed on a single DSP configured in SIMD mode. This packing strategy
effectively doubles the arithmetic throughput without increasing the number of DSP
resources. Moreover, when even smaller precisions are employed, the compiler
can map up to four multiplications per DSP slice, further improving efficiency.
Experimental evidence shows that DSP packing provides a substantial boost in arith-

metic density, enabling the deployment of larger networks on resource-constrained
FPGAs [42][43].

DSP Chaining

In addition to packing, DSP blocks can be configured in cascade mode to support
chained operations (fig. 3.4). This feature reduces routing delays by connecting the
output of one DSP directly to the input of the next without requiring additional logic
or interconnect resources. Chaining is particularly effective when implementing long
accumulation chains for convolutions with high channel counts. By minimizing rout-
ing overhead, chaining allows the accelerator to achieve higher operating frequencies,
sustaining throughput even under aggressive parallelization. Although this technique
increases pipeline depth, it effectively reduces resource usage by leveraging the
internal adders within the DSPs. The Vitis HLS pragma EXPRESSION_BALANCE OFF

can force the tool to create longer chains of operation.

DSP packing and chaining ensure that the computation block achieves high arithmetic
intensity and scales efficiently to large convolutional layers. These optimizations
are important for mapping modern networks with high number of MACs operations
within the limited DSP budgets of embedded FPGAs.

ap wo ap Wi ag wg

DSP DSP )i DSP I—)

Fig. 3.4 DSP chain propagating the accumulator.
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Parallelization Example

To illustrate the effect of the three parallelization factors (ich_par, och_par, ow_par),
consider a convolution layer with:

ICH=32, OCH=64, FH=FW=3, OW =56.

Assume the design-space exploration selects:

ich_par =4, och_par =8, ow_par = 2.

From Algorithm 1 the resulting computation parallelism is:
Cpar = ich_par-och_par-ow_par-FH -FW =4 x 8 x2 x 3 x 3 =576,

meaning that 576 multiply—accumulate operations are initiated every cycle inside
the unrolled region of Algorithm 1.

The number of DSP used by this configuration is proportional to the parallelism:

~_ Cpar
;=
pack’

where pack is the number of MACs that can be computed by a single DSP with
quantized arithmetic. With 8-bit operands (pack = 2), the DSP count becomes:

576

If 4-bit packing is enabled (pack = 4), the usage reduces to:

576

This example highlights the direct connection between the chosen parallelization
factors and the number of DSPs required. Any increase in ich_par, och_par, or
ow_par increases the count of MAC operations carried out each cycle, and therefore
the associated DSP usage, unless the design benefits from a higher packing capability.

The optimization model included in the DSE explicitly encodes this dependency,
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ensuring that throughput improvements are weighed against the available DSP
and memory resources during the ILP! (ILP!)-based selection of the unrolling

parameters.

3.6 Window Buffer Organization

Efficient management of input feature maps is crucial for sustaining the throughput
of the Convolution Computation Engine. Convolutional layers are based on sliding
windows, which require multiple overlapping accesses to the same pixels. A design
that fetches each pixel from external memory whenever needed would lead to
prohibitive bandwidth requirements and increased latency. To address this challenge,
the nn2FPGA compiler generates a window buffer architecture, organized as line
buffers and partitioned to exploit parallelism. The main purpose of this structure is
to minimizes redundant memory transfers and enables high reuse of input activations

directly on-chip.

3.6.1 Line Buffer Design

Fig. 3.5 Visual representation of how a 2 x 2 window is spread in the flattened tensor
and then partitioned to form the line buffer. The activation tensor (leftmost image)
is streamed in depth-first order, resulting in the flattened representation stored in
the line buffer (center image). The line buffer is partitioned so that a whole input
window is simultaneously available at its read points (rightmost image).

In nn2FPGA, each convolution or pooling operator has his own dedicated window
buffer task, which provides the activation windows required for the associated
computation (fig. 3.5). Instead of using a traditional image-processing line buffer
that explicitly stores multiple rows of the feature map, this module is implemented
as a set of partitioned FIFO structures that stream the input activations in the order
required by the convolution block. Each FIFO holds the subset of data elements
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necessary to form an input window and forwards them to the computation task once

they become available.

The buffer size for each task is analytically computed from the convolution

parameters and is equal to:
B = [(fhi—1)-iw;+ fw;— 1] -ich; (3.5)

where fh and fw represent the height and width of the filter, iw is width of the input
tensor and ich the number of input channels. This formulation guarantees that the
buffer stores exactly the number of activations needed to provide a complete window
at any time; as the input stream advances, new activations enter the buffer while
the old ones are shifted out, allowing continuous reuse of data across successive

windows without redundant off-chip memory transfers.

These buffers are synthesized using either on-chip BRAM blocks or distributed
LUT-based memory, depending on the buffer depth and resource availability on the
target FPGA. The Vitis HLS backend automatically configures the memory type to

ensure an optimal trade-off between latency, area, and bandwidth.

3.6.2 Partitioning Strategies

The window buffer is partitioned into several parallel FIFO segments to allow
concurrent execution of multiple processing elements. The partitioning strategy
directly follows the unrolling factors determined during the BIP-based DSE based
on the spatial (ow”*") and channel (ich”*") parallelization parameters. Each segment
provides a portion of the input window, enabling simultaneous access by different

convolution pipelines.

For instance, when several output pixels are computed in parallel (owP?” > 1),
activations participate in multiple overlapping input windows. To provide sufficient
read bandwidth, the main FIFO is divided into f;, x f,, sub-FIFOs, each correspond-
ing to a position within the convolution window. These are connected sequentially to
ensure that activations advance through the pipeline at the correct rate and reach the
appropriate processing elements without duplication. When ow?* =1 (fig. 3.6, each

activation traverses every FIFO slice, as only one window is evaluated at a time.
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Fig. 3.6 Buffer partitioning in case of a 3 x 3 window, with ow?*" = 1.

In contrast, for ow?* > 1 (fig. 3.7), the activations skip a number of FIFO
segments equal to the unrolling factor, ensuring that multiple windows are formed
concurrently. This partitioned structure provides the required data reuse and memory
parallelism without replicating entire buffers, minimizing BRAM overhead while

maintaining continuous throughput.

3.6.3 Impact of Stride and Parallelism

The window buffer organization also accounts for convolution stride and the type
of parallelism applied. When a stride s > 1 is used, only one out of every s input
activations contributes to the computation. The buffer control logic therefore includes
selective forwarding mechanisms that discard unused activations as the data stream
progresses, without interrupting the pipeline. This allows the design to preserve

streaming efficiency even in subsampled convolution layers.

High spatial parallelism (ow?”*") combined with stride introduces additional chal-
lenges, as activations are consumed in non-contiguous positions of the input tensor.
In these cases, the compiler adapts the FIFO structure to maintain consistent access

patterns by inserting appropriate gaps between active positions.

The nn2FPGA window buffer architecture efficiently reuse of activations while
maintaining deterministic throughput; by relying on sized and partitioned FIFO
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Fig. 3.7 Buffer partitioning in case of a 3 x 3 window, with ow??" = 2. The separate
flows of activations belonging to the first and second windows are represented in red
and blue.

structures instead of replicated line buffers, the design minimizes redundant data
movement reducing off-chip memory accesses and achieving balanced utilization of
BRAMs and LUTs. This streaming approach is a key element of the static dataflow
architecture that reinforce the entire accelerator pipeline.

3.6.4 Optimization Techniques

The implementation of residual connections on FPGAs poses a major challenge
due to the need to synchronize multiple parallel streams while avoiding excessive
buffering overhead. In conventional dataflow designs, skip branches require large on-
chip memories to temporarily store feature maps until their counterparts in the main
branch become available. This overhead not only increases memory footprint but also
risks reducing the throughput. To address these limitations, the nn2FPGA framework
integrates specialized graph-level optimizations that reshape the computation and
dataflow structure of residual blocks. In particular, two key techniques have been
devised to handle different types of residual connections efficiently: temporal reuse

for blocks without downsampling, and loop merging for those with a downsampling
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convolution in the short branch. These optimizations reduce memory requirements
and improve synchronization between parallel processes, thus enabling a more

resource-efficient mapping of modern network architectures onto static dataflow

accelerators.
f f * ' *
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Fig. 3.8 Complete graph optimization of residual blocks. (a) and (b) depict the resid-
ual block without and with the downsampling convolution in the skip connection.

Temporal Reuse

Residual blocks without downsample typically require duplicating the input tensor to
feed both the skip and the convolution branches. The nn2FPGA framework optimizes
this redundancy through a temporal reuse mechanism, so the compiler introduces a
secondary output stream that forwards activations once they have been consumed by
the window buffer of the main convolution task avoiding the buffering of the same
tensor. As a result, the skip connection only requires storage equal to the size of the

convolution window buffer, drastically reducing the buffering overhead.

Formally, the optimized buffering requirement is:

B = [(fhl —1)- iw0+fw1] “Teno

which replaces the larger receptive-field-based storage of the baseline implementa-
tion. The reduction is therefore:

Bsc_Bgc}’nj = [(th_ 1)'in +fw0_ 1] 'ichO
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This optimization lowers the memory footprint of residual connections. Experi-
mental results confirmed significant savings in on-chip activation storage for ResNet
models, where both downsampled and non-downsampled residual bottlenecks are

present (fig.3.8a).

Loop Merging

For residual blocks with downsampling, the short branch includes an additional point-
wise convolution. Executing this layer independently would require extra buffering
and duplicate memory accesses. To avoid this inefficiency, nn2FPGA applies loop
merging: the two convolutions acting on the same tensor (the downsample convo-
lution in the skip branch and the convolution in the main branch) are fused into a

single pipeline.

This transformation allows the two layers to share the same window buffer and
prevents duplication of input data. Furthermore, the add operation that merges the
skip and main branches is incorporated directly into the convolution pipeline by
initializing the accumulator with the skip branch contribution. Consequently, the
summation occurs within the same loop nest as the convolution, adopting the same

unrolling factors, thus avoiding computation (fig.3.8b).

Overall, loop merging enables more efficient residual block implementation by

reducing redundant memory storage and decreasing latency by sharing buffers,

This optimization is particularly relevant for downsampled residual connections
in ResNets, while models such as MobileNetV2 benefit only from temporal reuse

due to their inverted residual.



Chapter 4

Resource Allocation and Design Space
Exploration

The design of efficient accelerators for CNNs on FPGAs requires a careful balance
between computational parallelism and the limited hardware resources available
on the device. Although the architectural techniques discussed in Chapter 3 (e.g.,
pipelining, window buffering, and graph-level transformations) are crucial to im-
prove the efficiency of individual operators, the overall throughput of a static dataflow
accelerator is ultimately determined by the slowest task in the pipeline. Therefore, a
global optimization strategy is needed to allocate FPGA resources in a way that max-
imizes system performance under tight constraints of DSPs, BRAMs, and memory
bandwidth.

Convolutions vary significantly in terms of input and output dimensions, filter
size, and channel depth, which directly impact their computational load and memory
access patterns; if resources are allocated uniformly across layers, bottlenecks may
appear, leading to suboptimal throughput. Over-parallelizing noncritical layers can
cause unnecessary resource consumption, complicating placement and routing, and
reducing the maximum achievable clock frequency, hence an intelligent resource
allocation strategy must prioritize layers that limit the global pipeline performance

while avoiding redundant parallelism in other stages.

To address this problem, the nn2FPGA framework introduces a DSE methodol-
ogy based on BIP [38]. The model systematically enumerates feasible parallelization
factors for each layer and formulates the allocation problem as a constrained op-
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timization task. The first optimization step focuses on maximizing throughput,
ensuring that the latency of the slowest concurrent process is minimized, then a
second optimization step reduces the parallelism of non-bottleneck layers to free un-
used resources, improving design feasibility and lowering the risk of implementation
failures in the FPGA backend flow.

This chapter presents in detail the resource allocation used in nn2FPGA. Sec-
tion 4.1 introduces the mathematical formulation of the problem, including latency
and resource models for convolutional and buffering tasks. Section 4.2 discusses the
impact of different parallelization strategies and their relation to DSPs and memory
utilization. Section 4.3 formalizes the BIP algorithm while Section 4.4 details the
optimization flow implemented by the compiler. Section 4.5 concludes with a critical

discussion of the trade-offs and implications of this approach.

4.1 Problem Formulation

The throughput of a static dataflow accelerator for CNNs is determined by the slowest
concurrent task in the processing pipeline. Each convolutional or pooling layer in
the network graph is mapped onto two main hardware tasks: a computation task and
a window buffer task. To maximize the global throughput, the resource allocation
problem must be formulated in a way that balances these tasks under the constraints
of the target FPGA.

Let S denote the latency of the slowest concurrent task. The optimization ob-
jective is then defined as the minimization of S subject to hardware resource limits,
namely the number of available DSPs and memory banks. Formally, the problem
can be expressed as:

min § 4.1
SeN+
subject to:
I£<S Vieg, 4.2)

LY <S Vi€eGgG, (4.3)
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Y. D; < DsP, (4.4)
ieG
Y M; <MEM, 4.5)
ieG

where G is the set of convolutional and pooling layers in the network, L and
L are respectively the computation and window buffer latencies of layer i, D;
is the number of DSPs required by the layer, and M; is the number of memory
banks required. The constants DSP and MEM denote the total number of available
resources on the target FPGA.

The computation cost of each convolutional layer depends on its output dimen-
sions, filter size, and input depth. For a generic convolutional layer i, the number of

operations is given by:

Ci =0}, 0y, 0wy -l f1 [y (4.6)

where 02 and o!, are the output height and width, Oih and iéh are the number of
output and input channels, and f;;, fi, are the filter height and width.

To reduce the latency, FPGA accelerators exploit parallelism through loop un-
rolling. Let the parallelization factors be defined as ow?”, och?™, and ich?"",
respectively for the output width, output channels, and input channels. The resulting

computation parallelism of layer i is then:

ar ar ar . ar j j
= owl™ - och? - ich?" - f} - fi, 4.7

which corresponds to the number of two-dimensional windows computed si-
multaneously. Consequently, the computation latency of the layer can be expressed
as:

c
LS = C,_,—;,+e, (4.8)

1

where € is the additional latency introduced by pipeline depth (typically negligi-
ble with respect to the dominant term).
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The window buffer latency depends on the number of activations to be shifted in

parallel. For a layer i, it is modeled as:

L= oty (4.9)

- . ar ar
bich?on

with if1 and i/, representing the input height and width of the layer.

Resource utilization is also tied to the parallelization factors. The number of
DSPs required is:

]

o oW £ £ @10

i pack;

where pack; indicates the number of operations packed into a single DSP (e.g.,
two 8-bit multiply-accumulate operations or four 4-bit operations). Similarly, the
memory bank requirements M; depend on both the filter size and the degree of
parallelism, and will be detailed in Section 4.3.

This formulation shows the main trade-off: increasing parallelism will reduce
latency but increases the consumption of DSPs and memory. Therefore, DSE must
determine the optimal set of parallelization factors {ow!", och?"ich?*"} across all

layers, so that throughput is maximized while respecting the device constraints.

4.2 Parallelization Strategies

To take advantage of the parallel nature of CNNs, operations are typically accelerated
by unrolling nested loops in the computation kernel. In nn2FPGA three independent
parallelization dimentions are considered: output width, output channels, and input
channels. Each axis directly influences resources and the latency of the corresponding
hardware tasks.

4.2.1 Output Width Parallelism

Output width parallelism (owpar) refers to the number of computations of multiple

output activations in the same row of the output feature map. This strategy is based
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on the reuse of the same filter weights in multiple positions, reducing the effective
memory bandwidth required to load parameters. It also increases the size of the
window buffer, since more input windows must be kept in parallel. The buffer must
be partitioned accordingly to achieve higher throughput.

From the latency model, output width parallelism contributes linearly to the
overall computation parallelism:

P o owh . (4.11)

At the same time, the required memory resources scale with the number of
parallel windows:

M} o< ow?". (4.12)

i

Hence, owpar represents a trade-off between reduced parameter bandwidth and
increased buffer cost.

4.2.2 Output Channel Parallelism

Output channel parallelism (ochpar) refers to the concurrent computation of multiple
filters applied to the same input window. Each filter produces an independent output
channel and so this strategy increases the memory bandwidth required for weights,
but does not affect the buffer size for activations. This means that the same input
window is reused across all output channels, making ochpar highly efficient when

sufficient DSPs are available.

Formally, its contribution to computation parallelism is:

" o< och?™ (4.13)

The required number of DSPs grows proportionally:

D; o< och?". (4.14)
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Thus, ochpar is typically limited by the availability of DSPs and the memory
bandwidth needed to sustain multiple filters.

4.2.3 Input Channel Parallelism

Input channel parallelism (ichpar) takes advantage of the fact that each convolu-
tional output is the sum of contributions across all input channels. By processing
multiple channels simultaneously, the number of cycles required per output window
is reduced. Unlike owpar and ochpar, which replicate the convolutional datapath,
ichpar naturally enables the use of DSP chaining, where the accumulator of one
DSP feeds directly into another. This reduces resource overhead by reusing internal
adders.

Its impact on computation parallelism is:

cpar; o< ichfmr, (4.15)

while the number of DSPs grows as:

D; o< ich?". (4.16)

However, since contributions from multiple channels must be accumulated,
longer DSP chains increase pipeline depth, slightly impacting latency € in Equa-
tion 4.2. This makes ichpar particularly effective when combined with quantization-

aware optimizations such as DSP packing.

4.2.4 Combined Parallelization

In practice, the parallelization strategy for a given layer is determined by the product
of all three factors:

par __ par par - gpar i i
¢ =ow; -ochi -ichi™ - f - fi, 4.17)
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where f,i and fi are fixed by the network architecture. Different combinations
of {owf’ ar,ochf ar,ichf “"} yield the same level of parallelism but may have very

different implications for resource usage. For example:

* Increasing owpar reduces weight bandwidth and increases buffer memory.

* Increasing ochpar increases the weight bandwidth but reuses input activations
efficiently.

* Increasing ichpar allows efficient accumulation through DSP chaining but
deepens the pipeline.

The choice of parallelization factors therefore constitutes a multi-objective op-
timization problem, balancing throughput maximization with constraints on DSPs,
BRAMs, and memory bandwidth. In Section 4.3, this problem is formalized as a
Binary Integer Programming model that systematically explores all feasible combi-
nations to identify the optimal allocation strategy.

4.3 Binary Integer Programming Model

The parallelization strategies described in Section 4.2 define a vast design space,
as each convolutional layer can be mapped to multiple feasible combinations of
p

{ow? ,och?™ ich?*"}. To identify the optimal configuration across all layers while

respecting hardware resource limits, the problem is formulated as a BIP model.

4.3.1 Decision Variables

For each layer i € G, a set of feasible configurations %; is generated. Each configura-
tion k € 6; specifies a tuple of parallelization factors:

o par par . 5 par
k= {ow ", och; ", ich; }.
A binary variable x; ; is associated to each configuration:

1, if configuration £ is selected for layer i,
Xik =

0, otherwise.
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By construction, exactly one configuration must be selected per layer:

Y xix=1, Vied. (4.18)
ke%;

4.3.2 Layer Latency and Resource Usage

Each configuration k defines a computation latency Lj,, a window buffer latency L,
a number of required DSPs D, ;, and memory banks M, ;. These are pre-computed

using the equations from Section 4.2.

The effective latency and resource usage for each layer are expressed as:

L =Y Lf-xik, (4.19)
ke

LY =Y LY -xig, (4.20)
ke€;

D; = Z D - Xj ks 4.21)
keS;

Mi=Y Mg xix (4.22)
keE;

4.3.3 Objective Function

The throughput of the entire accelerator is limited by the slowest concurrent task, i.e.,
the maximum latency across all computation and buffering tasks. To linearize this
minimax objective, we introduce an auxiliary variable S representing the pipeline

period. The objective is to minimize S:

min S (4.23)

subject to the following constraints:

<S, Vieg, (4.24)
LY'<S, Vieg. (4.25)
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4.3.4 Resource Constraints

The total number of DSPs and memory banks used by all layers must not exceed the

available hardware resources:

Y D; <DsP, (4.26)
i€G
Y M; <MEM. (4.27)
i€G

These constants are taken directly from the board datasheet and provided to the

compiler as inputs.

4.3.5 Complete BIP Formulation

The full problem can therefore be summarized as:

min S (4.28)
subject to: Y xjx =1, Vie G, (4.29)
kee;
Li <S, LY <S8, Vie G, (4.30)
Y Di < DSP, (4.31)
i€G
Y M; <MEM, (4.32)
i€G
xix € {0,1}, Vie G, ke (4.33)

This formulation guarantees that the selected parallelization factors maximize
throughput by minimizing the slowest task latency, while respecting the hardware
constraints of the target FPGA. The resulting problem is an instance of binary integer
programming, which can be efficiently solved using modern solvers such as Gurobi
or CPLEX, given the relatively small number of layers in typical CNNs.

The nn2FPGA compiler uses the PULP [44] library to solve binary integer pro-
gramming problems with its default solver that provides the optimal allocation of

resources across the network graph.
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4.4 Optimization Flow

The BIP formulation presented in Section 4.3 provides a mathematically rigorous way
to determine the optimal allocation of FPGA resources across the layers of a CNN.
However, in practice, several additional steps are required to generate a feasible
design within the nn2FPGA compilation framework. The optimization process can be
divided into three main phases: enumeration of feasible configurations, throughput

maximization, and resource minimization.

4.4.1 Enumeration of Feasible Configurations

The design space is initially generated by enumerating all possible parallelization
factors {owf ar,ochf7 “a. ichf’ “"} for each convolutional or pooling layer i € G. For

each candidate configuration, the following metrics are pre-computed:

* computation latency L,
 window buffer latency L},
 number of required DSPs D; 4,

e memory bank requirements M, ;.

Configurations that do not respect hardware limits (e.g., exceeding available
DSPs or memory ports) are discarded at this stage. This step ensures that only valid

design points are considered in subsequent optimization.

Unroll factors are restricted to integers divisors of their respective dimension.
From theory it is known that the number of distinct divisors for most integers n is
lower than log(n) [45]. Since we are taking into account tuples of three elements,
the number of potential combinations grows in the worst case as log(n)3 which is
less than linear with respect to the input size. Hence the search space is limited and
is further bounded by the actual number of resources available on the boards. Thus
complete enumeration is feasible in practice for real CNNs and real FPGA, as shown
in table 4.1.
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Table 4.1 Binary integer programming solver execution time.

Model Board Bit Variables Constraints Time (s)

ResNet8 KV260 4 523 37 0.10
ResNet8 Ultra9%6 8 407 37 0.06
ResNet8 KV260 8 523 37 0.07
ResNet20  Ultra%6 8 1107 85 0.09
ResNet20 KV260 8 1471 85 0.94
Mobilenet ZCU102 8§ 6142 217 0.97

4.4.2 Throughput Maximization

The feasible configurations are then passed to the BIP solver. The first optimization
phase aims to minimize the pipeline period S, corresponding to the slowest concurrent
task in the accelerator. By solving the model defined in Equations (4.28—4.33), the
compiler identifies the combination of parallelization factors across all layers that

maximizes throughput while respecting resource constraints.

4.4.3 Resource Minimization for Non-Critical Layers

The solution obtained from the throughput maximization phase often over-parallelizes
layers that are not critical to the overall pipeline period. To reduce unnecessary re-
source usage, a second optimization step is performed. In this phase, the parallelism
of non-bottleneck layers is progressively decreased, as long as their latency remains
below the global period S. This reduces the overall consumption of DSPs and
BRAMSs, facilitating placement and routing in the backend flow and improving the

likelihood of achieving timing closure at high clock frequencies.

4.4.4 Integration with the Compiler Toolchain

The optimized configuration is then integrated into the nn2FPGA toolchain. The
chosen parallelization factors for each layer are translated into synthesis directives
(e.g., loop unrolling pragmas, array partitioning, and pipeline depth constraints) in
the generated HLS code. The design is synthesized with Vitis HLS and mapped to
the target FPGA using Vivado. The post-optimization step significantly improves



4.5 Discussion 45

the robustness of the flow, as over-constrained designs often fail in implementation

due to excessive resource usage or routing congestion.

4.4.5 Summary of the Flow

To summarize, the optimization flow consists of the following pipeline:

1. Enumerate all feasible parallelization factors for each layer.

2. Solve the BIP model to minimize the pipeline period S maximizing global
throughput.

3. Refine the solution by reducing non-critical parallelism to free unused re-

sources.

4. Automatically generate the HLS code of the network with the selected config-
uration and synthesize the design.

This two-phase optimization strategy makes it possible to generate high-performance
accelerators that fully utilize the available computational resources of the target
FPGA, while keeping resource usage under control and easing backend implementa-

tion.

4.5 Discussion

The resource allocation and DSE methodology described in this chapter show the
importance of combining mathematical optimization with hardware-aware model-
ing. The two-phase strategy based on BIP ensures that accelerator throughput is
maximized by minimizing the latency of the slowest task, while the subsequent step
avoids resource over-consumption in layers that are not critical to the pipeline. This
balance is essential, as an aggressive parallelization of all layers would exceed the

available resources on the target FPGA, making the design infeasible.

A key observation is that different layers of a CNN exhibit highly heterogeneous
computational characteristics. Early convolutional layers typically operate on large

input feature maps with relatively few channels, whereas deeper layers have small
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input dimensions but a much larger number of channels. This heterogeneity im-
plies that a uniform allocation of parallelization factors across layers is inherently
suboptimal. By adapting the parallelism to each layer’s structure, the proposed
approach achieves a better distribution of DSPs and memory, avoiding situations
where resources are wasted in non-bottleneck layers while other layers limit the
overall throughput.

Another important aspect is the scalability of the optimization process. Although
the problem is formulated as a BIP, the number of decision variables remains moder-
ate because the number of layers in common CNNSs is limited and the enumeration
phase prunes infeasible configurations in advance. As a result, modern solvers can
find the optimal solution in seconds or minutes, which is acceptable in the context
of a compilation flow that is typically dominated by HLS synthesis and backend
implementation. This makes the methodology practical for real-world deployment,

where the design cycle may involve multiple iterations.

The refinement phase plays a crucial role in ensuring backend feasibility. Over-
parallelization of non-critical layers can lead not only to wasted DSPs and BRAMs,
but also to routing congestion and reduced maximum operating frequency. By mini-
mizing parallelism where it is not needed, the design becomes more compact and
regular, easing placement and routing and improving the probability of meeting
timing closure at high frequencies. This step highlights the necessity of consider-
ing not only the theoretical throughput but also the practical limitations of FPGA

implementation.

Finally, the methodology underlines a general principle in accelerator design:
optimization must simultaneously account for performance, resource constraints,
and implementation feasibility. A model that focuses exclusively on throughput may
produce designs that cannot be implemented, while an overly conservative approach
may waste valuable computational potential. The binary integer programming
formulation, combined with the refinement strategy, provides a structured way to
explore this trade-off, ensuring that the generated accelerators are both efficient and

realizable.
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Experimental Evaluation

5.1 Setup

The accelerators generated by nn2FPGA are evaluated on the CIFAR-10 and Ima-
genet datasets, that exemplify common embedded machine vision applications. The
former consists of 32x32 RGB images, while the latter of 224x224 RGB images.
CNN models targeting CIFAR-10 are trained using Brevitas QAT for 400 epochs
with a batch size of 256, using the Stochastic Gradient Descent (SGD) optimizer and
cosine annealing as the learning rate scheduler. The MobileNetV2 model is based
on a pre-trained model and it is quantized using Brevitas PTQ, without performing
fine-tuning. QAT is not used in this case because it requires very significant com-
putational resources during training, and the focus of this work is on efficient HLS
implementation of a given quantized network, rather than on network architecture
exploration or quantization. The implementation flow uses Xilinx Vitis HLS 2024.2
for RTL code generation and Vivado 2024.2 for implementation on the Ultra96-v2,
Kria KV260 and ZCU102 boards. Table 5.1 details the available resources for these

three boards.

Table 5.1 Resources of the boards used for the experiments.

Board FPGA part LUT FF BRAM DSP URAM

Ultra96 xczu3eg 70560 141120 216 360 0
Kria KV260  xczuSeg 117120 234240 144 1248 64
ZCU102 xczu9eg 274080 548160 912 2520 0
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The nn2FPGA compiler uses the PULP [44] library to solve binary integer
programming problems with its default solver. Table 4.1 shows the execution time
of the solver for various combinations of model and board, and the reported times

are contained.

5.2 Results and Comparisons

The inference throughput (Frame Per Second (FPS), Gops/s) and latency (ms)
measured on the boards are detailed in table 5.2, while the final resource utilization is
reported in table 5.3. Both tables show highlighted in bold the results of nn2 FPGA.

In the first section of table 5.2, the nn2fpga implementation of ResNet20 is
compared with the AdderNet and ResNet20 implementations presented in [46], both
running on the Kria KV260. The Addernet is included in this comparison since, from
the point of view of the architecture, it is a ResNet20 with multiplications replaced
by additions. Our implementation achieves throughput improvements (Gops/s) of
2.88x and 1.94x with respect to the ResNet20 and the Addernet in [46]. Also, the
latency is reduced by 3.84x and 1.96x respectively.

The results compare on KRIA KV260 the nn2FPGA ResNet8 with the imple-
mentation from Vitis Al [47], achieving a throughput improvement of 6.8x and a
latency improvement of 28.1x. The third section of table 5.2 shows the results of a
4-bit implementation of a ResNet8, compared to the FINN version detailed in [47].
The comparison shows how nn2fpga is able to efficiently use FPGA resources even

at lower bit precision, achieving a speedup of 4.53x and improving latency by 4.27x.

To further prove the flexibility of nn2FPGA, table 5.2 also reports the perfor-
mance of ResNet8 and ResNet20 deployed on the smaller Ultra96. There are no

other implementations of these models on this board in the literature for comparison.

Finally, the implementation of MobileNetV2 on the ZCU102 is compared with
the Vitis Al implementation [48], with a custom RTL model [49] and with an imple-
mentation based on fpgaConvNet framework [50]. The implementation achieves a
throughput of 2115 fps with a frequency of 214 MHz, and an accuracy of 71.73 %.
This represents a 10% speedup over a state-of-the-art highly optimized manual RTL
implementation, showing that HLS can actually improve over manual design, thanks

to the faster exploration of the design space. While the maximum frequency achieved
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is lower than that proposed by [49], the solution demonstrates higher overall through-
put, due to better utilization of the available resources provided by the ZCU102, as
shown by the high DSP utilization achieved. The slight difference in accuracy of
the models is attributable to the different quantization methods used, as well as the

accuracy of the pre-quantization model.

The comparison includes FINN, Vitis Al, fpgaConvNet and custom RTL acceler-
ators as baselines because these designs provide published results on the same FPGA
boards and datasets used in this work and adopt similar fixed-point quantization
schemes. Moreover, the selected baselines target the same or closely related network
architectures (ResNet and MobileNetV?2), enabling a fair, architecture- and device-
matched evaluation. Works relying on floating-point arithmetic or on substantially
larger FPGA devices are excluded from the quantitative tables, as such differences

would dominate the comparison and obscure the effect of the proposed methodology.

Table 5.2 Performance comparison with SOTA accelerators. Power was measured
using sensors on the power rails and is representative of the entire board consumption.
Throughput was evaluated with a batch size of 400 for ImageNet and 1000 for
CIFARI10.

Model Dataset FPGA Bit Freq. Throughput Throughput Latency Power Accuracy
(MHz) (EPS) (Gops/s) (ms) (W) (%)
ResNet20" [46] CIFARIO KV260 8 200 N/A 214 1221 1077 90.8
AdderNet' [46] CIFARIO KV260 8 200 N/A 317 0.624 1.52F 89.9
ResNet20 CIFAR1I0 KV260 8 250 7601 616 0.318 6.10 91.3
ResNet8 Vitis Al [47] CIFARIO KV260 8 200 4458 109 1.293 6.42 89.2
ResNet8 CIFARIO KV260 8 250 30153 773 0.046 6.67 88.7
ResNet8 FINN [47] CIFARIO KV260 4 225 13475 330 0.154 5.89 85.9
ResNet8 CIFARIO KV260 4 250 61035 1526 0.036 6.12 86.9
ResNet20 CIFARIO Ultra96 8 214 3254 264 0.807 1.04 91.3
ResNet8 CIFAR10  Ultra96 8 214 12971 317 0.111 0.56 88.7
MobileNetV2 Vitis AI [48] ImageNet ZCU102 8 281 765 N/A N/A N/A 67.67
MobileNetV2 [49] ImageNet ZCU102 8 333 1910 N/A N/A N/A 72.98
MobileNetV2 [50] ImageNet ZCU102 4 200 N/A N/A 2.3 N/A 65.70
MobileNetV2 ImageNet ZCU102 8 214 2115 1403 2.061 13.5 71.73

 The description of how to measure power consumption is not explicitly provided in [46]. Accounting for just the board idle
consumption measured with xmutil, such a measure is already above the values reported in the referenced paper.

To demonstrate the efficiency of the proposed graph optimizations beyond their
dataflow benefits, an ablation study is provided to highlight the reduction in on-chip
activation storage required for the tested networks. table 5.4 shows the resource used
to store activations depending on the chosen implementations. ResNets can leverage
both optimizations thanks to the presence of both downsample and no-downsample
types of residual bottlenecks. In contrast, MobileNetV2 can only benefit from



50 Experimental Evaluation

Table 5.3 Resource utilization comparison. Reported data are collected from the
Vivado report after place and route.

Model FPGA  Bit KLUT KLUTRAM KFF DSP BRAM URAM
ResNet20 [46] KV260 8 41.8 (357%) 17.6 (30.1%) 34.0 (14.5%) 545 (43.7%) 40.0 (27.7%) N/A
AdderNet [46] KV260 8 67.4 (57.6%) 222 (38.6%) 432 (19.1%) 609 (48.8%) 40.0 (27.7%) N/A
ResNet20 KV260 8 65.0 (555%) 13.0 (22.6%) 81.7 (34.9%) 636 (51.0%) 60.5 (42.0%) 12 (18.7%)
ResNet8 VITIS Al [47] KV260 8 25.6 (21.8%) N/A 337 (144%) 110 (8.8%) 88 (8.8%) 18 (28.1%)
ResNet8 KV260 8 554 (473%) 9.4 (164%) 70.1 (299%) 767 (61.5%) 63.5 (44.1%) 0  (0%)
ResNet8 FINN [47] KV260 4 81.4 (69.5%) N/A 87.6 (37.4%) N/A 28.5 (19.8 %) N/A
ResNet8 KV260 4 404 (345%) 103 (17.9%) 64.8 (27.7%) 794 (63.6%) 58.0 (403%) 0 (0%)
ResNet20 Ultra% 8 544 (77.1%) 10.2 (35.6%) 57.6 (40.8%) 318 (88.3%) 89.5 (41.4%) O (0%)
ResNet8 Ultra9%6 8 464 (65.8%) 6.2 (21.5%) 45.1 (32.0%) 360 (100%) 540 (25%) 0 (0%)
MobileNetV2 VITIS AI [48] ZCU102 8 N/A N/A N/A N/A N/A N/A
MobileNetV?2 [49] ZCUI02 8 170.4 (62.2%) N/A 154.3 (28.2%) 1283 (50.9%) 691 (758%) 0 (0%)
MobileNetV?2 [50] ZCUI02 4 273 (99%) N/A N/A 1222 (48.5%) 714 (783%) 0 (0%)
MobileNetV2 ZCU102 8 139.4 (50.9%) 633 (44.0%) 162.8 (29.7%) 1797 (71.3%) 912 (100%) 0  (0%)

Temporal Reuse, as its inverted residual bottleneck does not contain convolutions
in the short branch. Moreover, Temporal Reuse has a limited impact on resource
savings for the inverted residual bottleneck, since the first convolution in the block is
point-wise and thus does not increase the receptive field’s dimension.

Table 5.4 On-chip activation resource reduction achieved through various graph
optimizations. ResNets are generated for KRIA KV260, while MobileNetV2 for
ZCU102. All kernels are synthesized at 300MHz in out-of-context mode, with results
obtained from the synthesis report of Vivado.

No opt. Temporal Reuse Loop Merge Temporal Reuse + Loop Merge
Model kLUT kFF BRAM KkLUT kFF BRAM kLUT kFF BRAM kLUT kFF BRAM
ResNet8 147 112 85 144 112 85 142 11.1 7.5 13.3(-9.5%) 11.1 (-0.9%) 7.5 (-11.7%)
ResNet20 272 18.1 85 259 17.8 6.0 267 179 85 25.6 (-6.0%) 17.7 (-2.2%) 6.0 (-29.4%)

MobileNetV2  82.0 44.1 1025 79.7 437 1025 820 441 1025 79.7(-2.8%) 43.7(-09%) 102.5(-0.0%)

5.2.1 Object Detection with YOLOvS5n

To further validate the generalization capability of the proposed framework beyond
classification tasks, a second set of experiments was conducted on the YOLOv5n
[51] architecture for real-time object detection. This work was carried out in the
framework of the European project REBECCA', which focused on the development
of energy-efficient embedded Al solutions for critical infrastructure monitoring. The

model was deployed on a Xilinx ZCU102 board, targeting multiple application

IThis activity was partially supported by the EU Horizon project REBECCA (Reconfigurable
Heterogeneous Highly Parallel Processing Platform for safe and secure Al)
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provided by partners within the project, including the detection of photovoltaic panel

anomalies and the identification of structural cracks in bridges.

The baseline YOLOv5n model was taken from the Ultralytics repository and
quantized using the Vitis AI Quantizer in post-training quantization (PTQ) mode,
before a few fine-tuning epochs to adapt on the condidered datasets and recover the
potential accuracy loss. The primary goal of this evaluation is the analysis of the
hardware implementation and timing rather than training performance so accuracy
metrics are omitted. All networks share identical topology and layer configuration;

therefore, resource utilization is the same independently from the specific dataset.

Compiler and Architectural Extensions. To support the heterogeneous topology
of YOLOvS5n, some extensions were implemented in the compiler and HLS library:

* Concatenation layers: support was added for multiple input streams, includ-
ing concatenation nodes with more than two branches, ensuring synchroniza-
tion between feature maps of different dimentions.

* Upsampling layers: implemented as nearest-neighbor, the module stores
incoming pixels in line/row buffers; each pixel is read back multiple times for
horizontal duplication, and each completed row is replayed to generate the
vertically duplicated row. This design is zero-DSP and its memory footprint
scales with feature-map width and channel count, contributing to overall usage
of BRAMs.

* Activation functions: Leaky ReLLU and Sigmoid were implemented as LUT-
based interpolators saving coefficients at compile time ensuring deterministic
latency and minimizing control overhead.

* Multiple output heads: the dataflow was extended to generate multiple
detection outputs simultaneously with each head independently streaming its
results.

Post-processing stages, including bounding box decoding, confidence thresholding,
and Non-Maximum Suppression (NMS), were executed on the Processing Sys-
tem (PS), while all convolutional, upsampling, and concatenation operations were
synthesized in the Programmable Logic (PL).
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Experimental Results. Table 5.5 reports the post-implementation resource uti-
lization of the YOLOv5n accelerator on the ZCU102 board at 8-bit precision. The
design achieved stable timing with 83 FPS at 200 MHz. The results highlight that
the overall BRAM usage is dominated by FIFOs for streaming communication be-
tween concurrent tasks. A significant fraction of these FIFOs are conservatively
over-dimensioned, suggesting room for improvement through analytical buffer sizing

in future versions of the compiler.

Table 5.5 Resource utilization of the YOLOv5n accelerator on ZCU102 (8-bit quan-
tization).

Model FPGA LUTs FFs BRAM DSPs URAM

YOLOv5n ZCU102 209.1k (60.7%) 212.2k (38.7%) 857.5(94.0%) 672 (26.7%) 0 (0%)

An inspection of the post-synthesis reports revealed that approximately 60 % of
the LUTs are used as logic, while nearly 30 % are configured as distributed memory.
The high BRAM occupation is mainly due to the streaming FIFOs which tend to be
oversized for throughput safety. Nevertheless, the design achieves consistent utiliza-
tion across logic and DSP resources, maintaining balanced operation and no routing
congestion. These results confirm that the proposed compiler extensions enable the
deployment of complex multi-branch architectures such as YOLOv5n, validating
the scalability of the nn2FPGA flow towards detection tasks and heterogeneous
workloads within the REBECCA project.

5.3 Summary

Across three devices and multiple models, nn2FPGA delivers consistent gains over
similar flows: up to 6.8 x higher throughput and 28.1 x lower latency on CIFAR-10
ResNet8 versus Vitis Al, 4.53 x speedup over FINN at 4-bit on KV260, significant
improvements over literature ResNet/AdderNet baselines, and a ~10 % throughput
uplift over a state-of-the-art hand-optimized RTL MobileNetV2 on ZCU102. These
improvements arise from the BIP-driven, two-stage allocation combined with graph-
level optimizations that lower activation buffering, all validated by the utilization
profiles in Table 5.3 and the ablation in Table 5.4.



Chapter 6

Conclusions and Future Works

6.1 Summary of Contributions

This work presented nn2FPGA, a complete high-level compilation framework for
the automated deployment of quantized CNNs onto FPGAs. The proposed method-
ology bridges the gap between deep neural network design and hardware synthesis,
combining high-level graph analysis, quantization awareness, and binary integer

programming (BIP)-based resource allocation.

Unlike traditional HLS toolflows or template-based accelerators, nn2FPGA for-
mulates the mapping problem as a global optimization task on the network graph.
The method enumerates feasible parallelization factors per layer and solves a con-
strained optimization problem that maximizes throughput under available device
resources. A second optimization step then reduces redundant parallelism in non-
bottleneck layers, improving design feasibility and backend implementation success
rate. This two-step approach implemented through an efficient BIP formulation
represents one of the central technical contributions of this thesis.

The compiler integrates architectural-level optimizations such as Temporal Reuse
and Loop Merge, which exploit residual-block structure to minimize on-chip acti-
vation buffering. These graph-level transformations, discussed in Chapter 3, com-
plement the dataflow allocation strategy, jointly reducing memory footprint while

sustaining full computational throughput.
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The framework targets standard HLS tools (Vitis HLS 2024.2) and is portable
across multiple Xilinx SoC-FPGA platforms. Experimental validation on CIFAR-10
and ImageNet demonstrated consistent and reproducible improvements in perfor-

mance and efficiency compared to academic and industrial baselines.

6.2 Experimental Findings

As shown in Chapter 5, benchmarking on Ultra96-V2, Kria KV260, and ZCU102

boards confirmed the effectiveness of the proposed approach:

* nn2FPGA outperformed Vitis Al and FINN on CIFAR-10, by up to 6.8 X in
throughput and 28.1 x in latency, while preserving accuracy within 1 % of the

software baselines.

e Compared to hand-optimized designs such as AdderNet and custom RTL
implementations, nn2FPGA achieved between 1.9x and 3.8 lower latency,
proving that systematic compiler-driven optimization can rival or surpass

manual hardware design.

* The MobileNetV2 implementation on ZCU102 reached 2115 FPS at 214 MHz,
a 10 % throughput gain over a state-of-the-art handcrafted RTL accelerator,
thus demonstrating the viability of HLS-based synthesis for complex architec-

tures.

Ablation experiments confirmed that graph-level optimizations substantially re-
duced activation memory requirements (up to 29 % for ResNet20) without affecting
throughput, validating the analytical models proposed in Chapter 4. In general, the
results highlight that the combination of algorithmic analysis with formal resource
optimization provides both scalability and portability across devices.

6.3 Limitations

Although the proposed framework delivers state-of-the-art results, several limitations

remain:
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* The compiler does not explore mixed-precision quantization or dynamic fixed-
point scaling, which eventually improve the accuracy and efficiency trade-off

for large models.

* Training-based feedback (e.g., co-design loops between quantization and
hardware mapping) is not integrated; this restricts the optimization to inference-

only flows.

* The backend remains tied to Vitis HLS and Vivado; integrating vendor agnostic
IRs or integrating open-source toolchains portability and reproducibility could

be improved.

6.4 Future Work

Based on the results of this research, several promising extensions can be envisaged.

6.4.1 Mixed-Precision and Adaptive Quantization

nn2FPGA could support per-channel quantization and/or not only power-of-two
scaling factor, automatically balancing accuracy and hardware cost. This could be
achieved by integrating DSE loops with quantization-aware training feedback to

enable end-to-end optimization of precision, dataflow, and resource allocation.

6.4.2 Model-Generalization Beyond CNNs

The two-phase optimization strategy presented in this work first maximizing through-
put and then refining resource allocation has demonstrated its effectiveness for
convolutional neural networks, where computation and data reuse patterns are highly
regular. In order to extend this methodology to a broader class of models, a com-
pelling research direction is required. Future developments should aim to generalize
the compiler flow to support architectures that deviate from the canonical convolu-
tional structure, including transformer-based models, recurrent networks, and graph

neural networks.
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These models introduce different computational characteristics, such as irregular
data dependencies, variable-length operations and attention mechanisms that require
dynamic memory access and fine-grained scheduling. Adapting the optimization
flow to these paradigms will involve extending the current cost models to capture
different forms of parallelism and temporal data reuse. For instance, the binary
integer programming formulation could be expanded to represent variable tensor
dimensions or sparsity patterns enabling the compiler to reason about static and
dynamic dataflows.

Generalizing the nn2FPGA methodology beyond CNNs would enable the auto-
matic generation of accelerators for a wide range of machine learning workloads.
By abstracting the underlying optimization principles rather than the specific layer
types, future versions of the framework could target not only vision tasks but also
applications such as natural-language processing, graph analytics, and scientific
computing, preserving the same balance between flexibility, efficiency, and hardware
awareness that characterizes the present work.

6.5 Final Remarks

This thesis presents a systematic optimization and formal resource allocation to trans-
form HLS design from a manual, heuristic process into an automated, performance-
driven compilation flow. nn2FPGA integrates analytical modeling, integer program-
ming, and graph-level optimizations into a coherent methodology, generating both
efficient and portable hardware accelerators. The results achieved across multiple
devices prove that HLS can not only approximate but sometimes exceed the perfor-
mance of hand-optimized RTL designs when guided by structured optimization.

The concepts and tools developed here are expected to serve as a foundation for
future research in compiler-assisted hardware—software co-design, contributing to-

ward a new generation of flexible and high-performance neural network accelerators.
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