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Artificial Intelligence

Machine Learning

Deep Learning

A machine/system capable of imitating
human behavior.

Mathematics and statistics to learn from
data.

Neural networks multi-layer.



Data Collection

Introduction to Machine Learning and Edge Al

Model Training

l

Data Preparation
and Cleaning

;

Inference

Model Validation
and Fine-Tuning

:

:

Model Selection

;

Deployment

Testing

;

[Based on the original from Qualcomm Academy]

Monitoring and
Maintenance
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test: if a
machine tricks
human into
thinking it’s a
human, then it
has

\ intelligence. /

/ Alan Turing \ /
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Joseph
Weizenbaum
created the first
chatbot ELIZA.

~
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Sony released
the AIBO, an
entertainment
robot designed
to mimic the
behavior of a

pet dog.
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IBM’s Al system Ui
Watson Transformer
model was ChatGPT was
competed on . .
. introduced in released by
the television
ame show the paper OpenAl.
gjeo ardy! "Attention is All
pardy:. You Need".
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Launch of
DeepSeek-V3.

-
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Arthur Samuel,
working at IBM,
introduces the
term "machine

learning."

-

)

-

~

Deep Blue, an

Al developed by

IBM, defeated

the world chess

champion,
Garry Kasparov.

)

-

-

iRobot released
the Roomba, a
revolutionary
autonomous
robotic vacuum
cleaner.

~

)

-

Deep learning

ma

. OpenAl
act;:z}/s:i a released GPT-3
breakthrough (Srir;g?:gje
with the

AlexNet model.

Transformer 3).

John J. Hopfield

and Geoffrey E.

Hinton receive

the Nobel Prize
in Physics.
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Why has the explosion of Al happened in recent years? Three main components
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Why has the explosion of Al happened in recent years? Three main components

Big data

The massive amount of data
generated every day (from
social media, sensors, and
online activity) provides the
fuel that Al systems need to
learn and improve
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Why has the explosion of Al happened in recent years? Three main components

The massive amount of data New algorithms, neural
generated every day (from network architectures, and
social media, sensors, and open-source frameworks have
online activity) provides the dramatically improved Al’'s
fuel that Al systems need to capabilities and made
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Introduction to Machine Learning and Edge Al

Why has the explosion of Al happened in recent years? Three main components

The massive amount of data New algorithms, neural Advances in GPUs, TPUs, and
generated every day (from network architectures, and cloud computing have made it
social media, sensors, and open-source frameworks have possible to train large Al

online activity) provides the dramatically improved Al's models faster and more

fuel that Al systems need to capabilities and made efficiently than ever before.
learn and improve development more accessible.
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Edge Al

“Edge artificial intelligence (Edge Al) refers to the deployment of Al algorithms and Al models directly on local
edge devices such as sensors or Internet of Things (loT) devices, which enables real-time data processing and
analysis without constant reliance on cloud infrastructure.” [IBM]

[IBM] https://www.ibm.com/think/topics/edge-ai
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“Edge artificial intelligence (Edge Al) refers to the deployment of Al algorithms and Al models directly on local
edge devices such as sensors or Internet of Things (loT) devices, which enables real-time data processing and
analysis without constant reliance on cloud infrastructure.” [IBM]
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Edge Al

“Edge artificial intelligence (Edge Al) refers to the deployment of Al algorithms and Al models directly on local
edge devices such as sensors or Internet of Things (loT) devices, which enables real-time data processing and
analysis without constant reliance on cloud infrastructure.” [IBM]

Privacy & Scalability &
Low Latency y .y _y Lo_wer E.ngrgy
security reliability Bandwidth Use efficiency
Real-time decisions, Data stays on the Devices run Less data sent to the Optimized for local
reducing cloud device. autonomously, even cloud. processing.
dependence offline.

Bringing intelligence closer to the data, enabling low-latency, privacy-preserving, and energy-aware Al.

[IBM] https://www.ibm.com/think/topics/edge-ai
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Edge Al
Challenges

Hardware & Energy

Limited power
Memory / storage
limits

Thermal constraints

Computation &

Performance

Latency & real-time
Limited compute capacity
Hardware heterogeneity
Model size vs accuracy

tradeoff

Data &
Deployment

Privacy & security
Network issues
Data distribution
shift




Edge Al
Heterogeneous Computing: A Key Enabler for Edge Al

I L

CPU GPU FPGA
Few cores ‘ High power consumption Hard to program

Poor parallelism for ML inference Not suitable for battery-powered edge Requires HDL expertise

High latency | Size and cost Limited flexibility
Slow for compute-intensive tasks Too large for small embedded systems Not general purpose
Not optimized for inference Memory bandwidth bottleneck Longer development cycle
General purpose, not ML-specific ‘ Data movement limits throughput ‘ Synthesis and timing closure

. AN J L J

What if we could combine the strengths of different processors CPUs, GPUs, and FPGAs to overcome
these limits?
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Edge Al
Heterogeneous Computing: A Key Enabler for Edge Al

. .
By incorporating CPUs, GPUs, and FPGAs into a single system, heterogeneous computing

becomes possible.

This approach maximizes the strengths of each component, efficiently distributing edge
workloads to improve both performance and energy consumption.



Edge Al

Heterogeneous Computing: A Key Enabler for Edge Al

core core core

core core core

. AR R

Few powerful cores

Control logic - system mgmt

lightweight Al inference

GPU

0000000000
0000000000
0000000000
OO0O0000000

Thousands of small cores
Deep learning inference

Image processing - HPC

Reconfigurable logic blocks
Ultra-low latency

Custom Al accelerators - real-time
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Edge Al
The Deployment Gap

Problem:
Modern ML models are often large, resulting in high memory consumption and

slow inference.

The most accurate models (such as deep neural networks) are large and expensive
in terms of memory and processing time.



Edge Al
The Deployment Gap

Model
BERT-large
VGG-19
VGG-16
BERT-base
YOLOv3
ResNet-50
SpineNet-49S

MobileNetV3-Large

Parameters

G ~144M

GEEE» -~138M

G -~110M

G ~62M

@® ~25.6M

0 ~1M

0 ~5.4M

~340M

Disk size

~1.3 GB

~548 MB

~528 MB

~440 MB

~236 MB

~98 MB

~45 MB

~20 MB
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Edge Al
The Deployment Gap

Problem:
Modern ML models are often large, resulting in high memory consumption and slow

inference.

Solution:
Apply model compression techniques to reduce size and improve efficiency.



Edge Al
The Deployment Gap

Model Parameters Disk size Accuracy

DistilBERT 66M v 40% ~250 MB 97% of BERT

SqueezeNet 1.2M 1.2M v 99% ~48MB V99% Similar to VGG-16
YOLOv8-Nano 3.2M v 92% ~8MB V90% Good trade-off with YOLOv8-L
YOLO-Fastest 0.2M v 995% ~TMB  99% Lower accuracy



Edge Al

Compression

After

Baiora 40M params

300M params

Reduces model size
and computational cost

J

Model
Compression

Hardware deployment
under resource constraints

Pruning - QAT

Distillation Targets inference

not training efficiency

Q00000
Q00000
Q00000

=

g ¥

Balances accuracy
In H1 H2 Out and efficiency

In H1 H2

o
w
]
c

=

G U @ |

Model compression reduces size and complexity to enable efficient inference under real-world constraints



Edge Al

Compression

Quantization
Reduce weight precision to shrink model size and speed up

infer

FP32 — 32 bits INT8 — 8 bits
INT8
| ‘ quant.
Large - slow - precise 4x smaller - fast - ~same

Pruning

Remove low-importance conn ons to create a sparse, leaner

Dense (original) Sparse (pruned)
O

O O N Oprune

O O ® -

o 9o :

Knowledge Distillation

A large teacher model trains a compact student model via soft

targets

R e

Teacher |

Large - frozen

) billions of params
Input
J

) —
Student
small - learning

Soft targets
Plcat)=0.7 P(dog)=0.2

&
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Edge Al

Compression

Accuracy Energy Latency Model HW Impl.
0SS savings reduction size compat. effort

Quantization Low High Medium High High Low

Pruning Medium Medium High* Medium Medium Medium

Distillation Low High High High High High

Low-rank fact. VAt Medium Low

Best outcomd@® Moderate @ Worst outcome
* Structured pruning only

High High




Edge Al

Compression

Model compression is not a single technique,
but a design space where accuracy, efficiency, and hardware constraints must be balanced.

&
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Edge Al

Compression

Model compression is not a single technique,

but a design space where accuracy, efficiency, and hardware constraints must be balanced.

Every optimization (pruning, quantization, or distillation) improves efficiency at the cost of
something else. The goal is not to avoid trade-offs, but to choose the right ones.

&
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ML for Real-World Deployment
What truly matters once a model leaves the notebook



Research vs Deployment

Research

The question:

Does it reach 98% accuracy
on the test set?

Success metric:
accuracy, F1, AUC



Research vs Deployment

Research Deployment

The question: The question:

vs Doesitrunin 10ms

Does it reach 98% accuracy
with 64 KB of RAM?

on the test set?

Success metric:
latency, memory, energy,
accuracy within tolerance

Success metric:
accuracy, F1, AUC



The four deployment constraints

Latency

< 10ms real-time
< 100ms near real-time
< 1s batch acceptable

Energy

Battery: yW—mW budget
Mains: less critical
Harvesting: pW limit

Memory

MCU: 64-256 KB flash
FPGA: 2-8 MB BRAM
Edge GPU: 256 MB+

Accuracy tolerance

Safety-critical: > 99%
Industrial: > 95%
Consumer: >90%



Conventional Al vs Edge Al

Conventional Al
Cloud/server-based inference

High-latency

Network round-trips add delay

High energy demand

TOPS-scale compute, not battery-friendly

Privacy exposure

Raw data sent to external servers

Deep neural networks

Billios of params, dense matrix operations

Ineffective at the extreme edge

Alternative paradigms needed

.
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Conventional Al vs Edge Al

Conventional Al
Cloud/server-based inference

High-latency

Network round-trips add delay

High energy demand

TOPS-scale compute, not battery-friendly

Privacy exposure
Raw data sent to external servers
Deep neural networks
Billios of params, dense matrix operations

Ineffective at the extreme edge

Alternative paradigms needed

Edge Al

On-device, local processing

Real-time response

Minimal latency, no network round-trip

Ultra-low power consumption

uW to mW range, long battery life

Privacy-aware computation

Data never leaves the device

Dynamic multisensory input

Different sensors, processed locally

Efficient local intelligence

New paradigms required

.
&



Edge Al based on FPGA
From trained model to real-time hardware inference



Edge Al based on FPGA

From trained model to real-time hardware inference

FPGA / SoC-based on FPGA

Reconfigurable -
Deterministic hardware-accelerated
inference

Resource-constrained devices




Edge Al based on FPGA

From trained model to real-time hardware inference

A- DNN training and compression

DNN model Compression

B- Integration with a hardware synthesis tool for ML

Hardware synthesis tool

for ML

C- Hardware assessment framework

Inference Final . -
hardware hardware Bitstream Application

Available at https://github.com/RomiSolMolina/workflowCompressionML



https://github.com/RomiSolMolina/workflowCompressionML

Edge Al based on FPGA

From trained model to real-time hardware inference

DNN model Compression

Optimized and compressed model



Edge Al based on FPGA

From trained model to real-time hardware inference

his 4 ml

Optimized HLS HLS Custom
model conversion project firmware/kernel

Vivado™ Hj Vitis™ HLS

PYTHORCH

€ ONNX T
Precision (fixed-point) : une .
+ + Reuse factor / parallelism configuration

Latency VS resources
TensorfFlow



Edge Al based on FPGA

From trained model to real-time hardware inference

Control
Input stream

DNN hardware

C—
Cm—)

e
—

Communication

Processing
system

Soft- or
hard-core
processor

3
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Edge Al based on FPGA

From trained model to real-time hardware inference

Compression
techniques

J/ Pruning - QAT - kD the bridge
Original Compressed hisdml
ML model ML model Keras — HLS C++
~50M params - FP32 ~5M params - INT8 synthesizable RTL
Large - slow - accurate Small - fast - efficient Automated conversion

KalEdge-Lite automates this entire pipeline

Embedded
system

SoC-based FPGA
<1ms - low power

Real-time inference
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Edge Al based on FPGA

From trained model to real-time hardware inference

d?“ KalEdge Lite

Dataset Architecture Training
Load Dataset
Dataset: MNIST Input:

Load Dataset

® MNIST loaded | Input shape (784,) - 10 classes

Pipeline

MLP (Flatten)

e Trained models cleared. Retrain after loading a new dataset.

>/

MNIST samples
1

MLP (Flatten) mode | each 28x28 image is reshaped into a 784-dimensional vector before being fed to the network. Spatial structure is not preserved.

Reports & Export

hils4ml integration

0 8 7

Documentation

[

L /4



Edge Al based on FPGA

From trained model to real-time hardware inference

&" KalEdge Lite

Dataset Architecture Training Pipeline Reports & Export
Architecture Definition
Baseline Student QKeras

Baseline Model (Float)

import tensorflow as tf

def build_model(input_dim, num_classes):
return tf.keras.Sequential([
tf.keras.layers.Dense(8, activation="relu’, input_shape=(input_dim,)),
tf.keras.layers.Dense(8, activation="relu’),
tf.keras.layers.Dense(num_classes, activation="softmax’)

Save Load into Pipeline

hls4ml integration

Documentation

P
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Edge Al based on FPGA

From trained model to real-time hardware inference

P .
& v KalEdge Lite
Dataset Architecture Training

Individual Training Modules Configuration

Baseline

Pruning K. Distillation
Baseline training

Epochs O 32
Batch O 32

LR O 1.0e-3

Opt adam

Mom O 0.00
g1 O 0.90
B2 QO 100

Train Baseline |

cvocn N

acc=0.9399 - val_acc=0.9292

Pipeline

QAT (TF-MOT)

Reports & Export

QAP (TF-MOT)

his4ml integration

QAP (QKeras)

Documentation

P
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Edge Al based on FPGA

From trained model to real-time hardware inference

t" KalEdge Lite

Dataset Architecture Training Pipeline

Score Priorities

Accuracy O 0.00
size O 0.00
Params O 100
Min acc O 0.70

Models below this accuracy get Score = 0 regardless of size/params

Embedded Balanced Accuracy Ultra-TinyML

Pipeline Builder

Pipeline: KD + QAP Student (QKeras)

Run Pipeline

Reports & Export

FPGA

hls4ml integration

Documentation

.
4



Edge Al based on FPGA

From trained model to real-time hardware inference

%'3 KalEdge Lite

Dataset Architecture Training Pipeline

Reports & Export

Model for hisaml

— run a pipeline first — Use for hisdml —

No reports available yet.

Best models
Download Best Model (.h5) Download All Models (ZIP)
Report

Download PDF Report

Reports & Export

hls4ml integration

Documentation

.
4



Edge Al based on FPGA

From trained model to real-time hardware inference

g" KalEdge Lite

Dataset Architecture Training Pipeline

HLS4ML Export
HLS / FPGA Settings

Board: PYNQ-Z1 (Zyng-7020)
Part:  xc7z020clg400-1
Clock (ns): O 10.00
Precision: ap fixed<16,6>
Reuse: O 1

1/0: o parallel

Tip: use io_parallel for MLP-like moueis anu 10_stream ror Lnn-uke mogeis
Convert to HLS Show Confusion Matrix

Download HLS Projects

Reports & Export

his4ml integration

Download HLS project Download HLS project with DMA support Download HLS project with ComBlock sup...

Documentation

P
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Edge Al based on FPGA

From trained model to real-time hardware inference

Gamma-Neutron Discrimination

Gamma Neutro
A 500
w0 A
N
200 450
390 \.' s
\\§ VA TSN T A,
= S 400
380 \\ M A RmAA eoA QK
SN
8 310 A2 8 350
2 0 2
c > SN 5
£ 360 oo A g 00
350 25
340 200
330 150
120 140 160 180 200 220 240 260 280 120 140 160 180 200 220 240 260 280
Samples Samples
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Edge Al based on FPGA

From trained model to real-time hardware inference

Gamma-Neutron Discrimination

400

390

380

w
4
S

Amplitude
w
3
3

350

340

330

Gamma Neutron
500
450
400
g 350
£
g 300
250
200
150
120 140 160 180 200 220 240 260 280 120 140 160 180 200 220 240 260 280
samples samples
Confusion Matrix - Teacher model G/N Confusion Matrix - Student model G/N QAP + KD Confusion matrix - HLS model G/N (hls4ml)
800 800 800
700 700 700
600 C . 600 FPGA 600
z 500 z = firmware 3 50
]
F e F
= 400 = 400 = 400
300 300 300
200 200 200
100 100 100

Predicted label

Predicted label

Predicted label

A

> 4
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Edge Al based on FPGA

From trained model to real-time hardware inference

HyperFPGA Cluster
* 16 Nodos de MPSoC SOM with AMD Zynq UltraScale+
e Network: Ethernet connection TCP/IP, HP, HD GTH.
e Debian Linux OS

System-on-Module (Zynq UltraScale+ MPSoC-FPGA)
e CPU: Quad Arm Cortex, Dual Arm Cortex
e GPU: ARM Mali 400 MP2
* FPGA: ZU4EG

Carrier board
¢ x4 PCle expansion port, Jtag, USB-UART
® microSD card
¢ 4 High-speed connectors for FPGA direct
Interconnection




Edge Al based on FPGA

From trained model to real-time hardware inference

myproject_bincls_axi_0

I+ ap_ctrt

» ap_start

— s_axis_in

v

s_axis_in_TVALID
s_axis_in_TREADY
s_axis_in_TDATA[31:0]
5_axis_in_TDEST[0:0]
5_axis_in_TKEEP[3:0]
s_axis_in_TSTRB[3:0]
s_axis_in_TUSER[0:0]
5_axis_in_TLAST[0:0]
s_axis_in_TID[0:0]
ap_clk

result_ap_vid
result[31:0)

YYVYVYVYVYa

v

g ap_rstn

Myproject_bincls_axilite (Pre-Production)

2zynq_ultra_ps_e_0

M_AXI_HPMO_LPD + {5
maxihpmo_lpd_aclk plLresetn0 p—
° pLclko

UltraSCALE*

comblock_0

AXIL

Zynq UltraScale+ MPSoC

MO0_ACLK

rst_ps8_0_299M

slowest_sync_clk mb,_reset
ext_reset i bus_struct_reset[0:0]
< aux_reset in peripheral_reset{0:0]
~| mb_debug_sys_rst _ interconnect aresetn[0:0]
= dem_locked peripheral aresetn[0:0]

Processor System Reset

MOO_ARESETN

AXI Interconnect
xlconstant_0

dout{0:0]

Constant

— IN_REGS

» reg0_i(31:0]
» regl i(31:0]
» reg2_i(31:0]
» reg3_i[31:0]

ouT_REGS —|||
reg0_o[31:0] »
regl o[31:0) b
reg2 o[31:0] »
reg3_o[31:0] »

+ IN_FIFO OUT_FIFO +
fifo_clk_i fifo_re_i 4
fifo_clear_i fifo_data_o[31:0] »
axil_aclk fifo_valid_o »
axil_aresetn

ComBlock

Confusion Matrix (rows=true, cols=pred)

[[812 87]
[ © 899]]
Total: 1798

Accuracy : 0.9516
Precision: 0.9118
Recall : 1.0000
Fl-score : ©.9538

Confusion Matrix

True 0

True

True 1

Pred 0 Pred 1
Predicted

.
S



On Wednesday,
we build it together!
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