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Artificial Intelligence on Embedded Devices
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Industry Trends

Designs with Al accelerator cores increasing

32%

ASICs with Al Cores
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23%

FPGAs with Al Cores

Designs with Al Accelerator Cores
2020 m2022

Source. Wilson Research Group and Siemens EDA, 2022 Functional Verification Study
Unrestricted | © Siemens 2022 | Siemens Digital Industries Software | 2022 Functional Verification Study SI E M E NS




Embedded development makes use of advanced technology capabilities

Embedded Al and machine learning attract the most attention, followed by embedded vision and speech capabilities

—-
Total Interest 50% 47% 36% 29% 26% 21% 18%
Considering 24%
24%
19%
15% e
Currently Using
Embedded Al Machine learning ~ Embedded vision = Embedded speech  Other Al/cognitive  Augmented Reality Virtual Reality (VR)
model-based capabilities (AR) capabilities capabilities
capabilities
(Source: embedded.com /AspenCore Media) Total Respondents

ASPENCORE | 13

embedderd 27. which of the following advanced technologies are you currently using in your embedded systems?
/ 28. Which of the following advanced technologies are you considering using in your future embedded systems?

survey


https://www.embedded.com/embedded-survey-2023-more-ip-reuse-as-workloads-surge/
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Airbus Designs Onboard FPGA-Based Deep Learning Processor
Using MATLAB

. I N

Using the workflow provided by Deep Learning HDL 4 ; Ll
Toolbox, Airbus engineers implemented an FPGA-based = . a 1 N
anomaly detection system for spacecraft employing deep | T ®
learning models. R
= I |

Key Outcomes/Results: ' e

Real-world anomalies detected by the deep
learning network running on an FPGA.

= Workflow for rapid prototyping and verification of deep
neural networks on FPGAs

= Enabling collaboration between hardware, systems, “The MATLAB deep learning processor IP core is
and deep Iearning engineers essentially platform-agnostic, which allowed for its

= Detected potential satellite failure modes earlier incorporation into a real-time operating system that could
compared to traditional thresholding-based methods belceritisationspace Amajorchiatisngewasiioldeyeiop

= Produced deep Iearning processor for use and an application that interacted with it, but MathWorks

deployment with any FPGA vendor with FreeRTOS or
other operating systems

Link to user story

support helped us a lot in this.”
- Andreas C. Koch, onboard software engineer, Airbus



https://www.mathworks.com/company/user_stories/airbus-designs-fpga-based-anomaly-detection-system.html
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Challenges of Deploying Deep Learning to FPGA Hardware

Training

FEATURE LEARMNING CLASSIFICATION

- How to get the Al model to run on the edge device in first place?

- How to make the Al model fit and performant on an edge device?



Customizable Deep Learning Processor

Spend FPGA resource for only
the layer kernels used in your

network

90
80
70
60
50
40
30
20
10

0

||| |II e
m - AXI4

FullDUT Conv Only FC Only LSTM
Processor no LRN Processor

mLUT mBRAM mDSP

Percentage resource
usage on ZCU102 board

Slave

DDR Memory

Vendor Memory Interface IP

4\ MathWorks

I AXl4 Masters I

Activation Weight
Data Read/Write Data Read
Arbitrator Arbitrator

!

Debugger/
Instruction
Data Read/Write
Arbitrator

Memory Access Arbitrator Modules

Top-level
Scheduler
Module

Processing Modules
Conv FC Custom
Kernel Kernel Kernel

FPGA Deep Learning Processor IP




ﬂ MathWorks:

Deep Learning Processor

Deep Learning HDL Processor steps

R
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B yA\MATLAB\Masterclass\ DesplearningdFPGA\CraterDetection\crater_detect YOLOW2 FPGAV3Imlx *

LIVE EDITOR INSERT VIEW

L £l £ compare [:pu L] =7 Normal ¥ == [ M Refactor~ | [; =] Section Break b @
! a I F 1 = g % = = '
Print = Find = 3 UM ey R d Advi
New Open Save & Prin Go To SAFD Text SRR Code Control Task % *52 "J Run @ HEL i Run Step Stop
b - v & xpot ¥ + | Bookmark ¥ =2 > v [E| k2 &  Section P2l RuntoEnd
FILE NAVIGATE TEXT CODE SECTION RUN -
## Programming the FPeA bitstream has been completed successfully. -
## Loading weights to Conv Processor.
### Cony Weights loaded. Current time is 24-Jul-2823 83:19:36
Run prediction for one image
= Run on FPGA
43 [img_pre, info]=yolo_pre proc{img);
44 [predict out, speed] = wobj.predict(img pre, 'Profile’,'on’);
#2# Finished writing input activations.
### Running single Input activation.
Deep Learning Processor Profiler Performance Results
LastFramelatency{cycles)  LastFrameLatency(seconds) Frameshum Total Latency Frames/s
Network 1738518 8.88787 i 1731854 5 il
conv_1 264277 @.88a93
maxpooll 161277 2.80672 EgE L -
nalyze profiling metrics
maxpoolz 79491 8.88026 ]
conv_3 178558 2.80851
maxpool3 44319 2.80828
conv_a 162118 2.88874
yolovaConwl 2BE737 2.88129
yolov2conw2 3p7a74 @,80148 =
yolovaClassConv 72945 2.00034

* The clock frequency of the DL processor is! 228MHz

45 anchorbxs=detector. AnchorBoxes;

46 clazsnms=detector.ClassNames;

a7

48 [bboxn, scoren, labeln] = yolo post proc(predict out, info,anchorbxs,classnms);
49 detectedImg_new2 = insertObjectAnnotation(img, rectangle’,bboxn,scoren);

= Display detection results

58 imshow(detectedImg_new2);
51 title{'FPGA (single): Craters Detected!');

FPGA (single): Craters Detected!
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Challenges of Deploying Deep Learning to FPGA Hardware

Training

FEATURE LEARMNING CLASSIFICATION

- How to get the Al model to run on the edge device in first place?

- How to make the Al model fit and performant on an edge device?
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Two Compression Techniques

before pruning after pruning

pruning
synapses
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pruning
neurons

Pruning
deep neural networks
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» Poaer of 1 Birs

Quantization of
deep neural networks
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Taylor Approximation Pruning

/Pruning process\

Trained
Network

Evaluate importance
of weights

-

¥

Remove the least
important weights

|

. 4

Fine Tuning
\ (training)

N —

Remove unimportant Retrain

parts of the network

Pruned +
Retrained

prunableNetwork = taylorPrunableNetwork(dlnet)

prunableNetwork =
TaylorNetworkPruner with properties ...

Classification Chject Detection  Semantic Segmentation

100

50

Accuracy | %)

Classification Chject Detection  Semantic Segmentation

| I Original Network [ Pruned Network
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Projected Layer Pruning

0.0061

Accuracy »10°Model Size Performance
0.014 T T 5 T T 3 . T
High-dimensional space of input and voral
. T 25¢
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Desktop Codegen Inference Time (s)

0.002} 0.51

Technical article on projected layer pruning .3



https://www.mathworks.com/company/newsletters/articles/compressing-neural-networks-using-network-projection.html?s_tid=srchtitle

Deep Network Quantizer - Int8 Quantization

I DEEP NETWORK QUANTIZER

Ifl:ll:I Calibration Data:

@ Validation Data:

Mew [imds - Imagelatastore

-

ﬁ Quantize a network
Start quantization of a network

Import
== Contin

antizer object
Lation of a network

Import

Network

& maxpooli
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T
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- ] Calibrate: [validati:unDataStore—C:umbin... - ] Hardware Settings Quantization Options Quantize and Validate | Export
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Export quantized

- - - network -
VALIDATE EXPORT r
£/ About Quantization Calibration Statistics :
. Dynamic Range of Calibrated Layers .
Layer Mame Min Value |Max Value 18 2 AN 2-24
- input Quantize and Validate Heat Map Color
Activations 0.0000 1.0000 Clamped-cut values _
Callbrate com_t .| |In-range values |
Weights 17574 1.7767 ; : : :
Bias -2.5100 25245 i i i
Activations -8.3809 6.8080 I I I
* relu_1 i E i
Activations 0.0000 6.5080 : : :
¥ maxpooll : : :
Activations 00000| 68080
¥ conv_2 I : I
Weights 02267 0.2915 _. 5
Bias -15015| 17443
Activations -6.6541 87700 : : i
> relu 2 ' ' ' i
Validation Summary
4 Validation Results
Number of samples: 21
Metric Floating-Point Network Results Quantized Network Results Percent Change
Average precision 0.7627 0.77a7 1.8380
b4
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Deep Learning Processor (DLP) Configuration

*» dlhdl.bulldProcessor (hBg)

~

### Generate Deep Learning Processor using processor configuration:

Processing Module “conv®
ModuleGensration:
LENBockGensration:
SeqmentationBlockGeneration:
ConvThreadiNumber :
InputMemorysize:
CutputMemorysSize:
FeatureSizelimit:

Processing Module “fe*
Modulecensration:
SoftmaxBlockGensration:
SigmoidBlockGenaration:
FCThreadyumbear:
InputMemorySize:
outputMemorysize:

Processing Module "custom™
ModuleGeneration:

Addition:

Multiplicatiom:
InputMemorysize:
OutputMemorysize:

Processor Top Level Properties
RunTimeControl:

RunTimsStatus:
InputStreamControl:
outputstreamControl:
ProcessorDataTypea:

System Level Properties
TargetPlatform:
TargetFrequency:
SynthesisTools
Referencebesign:
synthesisToolChipFamily:
SynthesisToolDeviceNames
eunthe=sisToolPacrkageame

‘on!
Toff!
1|:|]-\,.I

1&

[227 227
[227 227
2048

L
[Rpy—

1I:ITI.I

taff!

Vo FEY % Configure DL Processor

4 hPC = dlhdl.ProcessorConfig;
25088

4028 ¥ DL Processor HDL code generation

dlhdl .buildProcessor (hPC)
‘on!
‘on'
1ﬂnl
40
40

'register’
'register®
"register'
'register!
*%single!*

"Xilinx Zyng UltraScale+ MPSoC ECU102 Evaluation Kit'
200

"Milinx Vivado'

'"AXI-5tream DDE Memory Access : J-AXTIM'

'Zyng UltraScale+!

"RezuSeg-Lfiviblloe-2-e'
L |

Under the hood:

Simulink model l

HDL Coder

IP core generation
Workflow

HDL IP core and 1

bitstream | |

4

MATLAB

!

v 3

|conv | [ FC |

: 3 AXE4 Master

Ve TRy + Scheduler
Etfeined! - | A
JTAG .

DL ProcessorIP

MATLAB controlled DL Processor on FPGA/SoC
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Estimate Resource Utilization and Performance
for Custom Processor Configuration

Reference zcul02_int8 bitstream configuration:
Possible performance of 13982 frames per second (FPS) to a Xilinx ZCU102 ZU9EG device
Digital signal processor (DSP) slice count — 2520 (available) / 805 (used)
Block random access memory (BRAM) count — 912 (available) / 388 (used)

Requirements:
Target performance of 500 frames per second (FPS) to a Xilinx ZCU102 ZU4CG device
Digital signal processor (DSP) slice count — 240 (available)
Block random access memory (BRAM) count — 128 (available)

16
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Estimate Resource Utilization and Performance for Custom DLP

customhPC =
customhPC
customhPC
customhPC
customhPC

estimatePerformance

estimateResources

dlhdl.ProcessorConfig;
.ProcessorDataType
.setModuleProperty( ' conv', 'ConvThreadMumber',4); % ConvThreadNumber: 16

.setModuleProperty( ' conv’, 'InputMemorySize',[3@ 3@ 1]); % InputMemorySize: [227 227 3]
.setModuleProperty( ' conv’, "OutputMemorySize',[3@ 3@ 1]); % OutputMemorySize: [227 227 3]

‘int8";

Deep Learning Processor Estimator Performance Results

LastFrameLatency(cycles)  LastFrameLatency(seconds) Framesyum Total Latency
Network 203453 2.88199 1 392458
conv_1 2E1E8 2.8a8132
maxpool_1 31888 2.88a1s
conv_2 44736 2.88822
maxpool_2 22327 2.88811
conv_3 255845 2.88133
fc 5292 2. 8aaa4

* The clock frequency of the DL processor is: 288MH:z

Frames/s

Ceep Learning Processor Estimator Resource Results

DSPs Block RAM® LUTS{CLB/ALUT)
available 2528 912 274038
DL_Processor 133( &%) 188( 12%) cE27e{ 21%)

* Block RaM represents Block Ras tiles in Xilink devices and Block RAM bits in Intel dewices

17



optimizeConfigurationForNetwork

net
hPC

###F Note:
H## Note:
### Note:
###F Note:
H## Note:
### Note:

mobilenetw2;

Processing
Processing
Processing
Processing
Processing
Processing

dlhdl.ProcessorConfig;

module
module
module
module
module
module

1. Create a dlhdl.ProcessorConfig object

hPC.optimizeConfigurationForNetwork(net)

"conv" property
"conv" property
"conv" property
"conv" property

%  Generate Optimized Processor Configuration for MobileNetv2 Network

2. To retrieve an optimized processor configuration, call the optimizeConfigurationForiNetwork method.

### Optimizing processor configuration for deep learning network begin.

### Optimizing series network: Fused 'nnet.cnn.layer.BatchNormalizationLayer® into "nnet.cnn.layer.Conveolution2DLayer'
"InputMemorysize” changed from “[227 227 3]" to "[224 224 2]".
"OutputMemorySize"” changed from "[227 227 3]" te “[112 112 32]".
"Featuresizelimit” changed from "2@48" to “1288".

"LRMBlockGeneration” changed from "on" to "off" because there is no LRN layer in the deesp learning network.

"fc" property "InputMemorySize" changed from "25838" to "123@".

"fc" property "OutputMemorysize™ changed from "4@3%&6" to "leee™.

Processing Module "conw"

ModuleGeneration:
LRNBlockGeneration:
ConvThreadNumber:

InputMemorySize:
OutputMemorySize:
FeatureSizelLimit:

Processing Module "fc"

SoftmaxBlockGeneration:
FCThreadMumber:

InputMemorySize:

ModuleGeneration:

O utMemao

on

‘off"

16

[224 224 3]
[112 112 32]
1280
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18


https://www.mathworks.com/help/releases/R2022b/deep-learning-hdl/ref/dlhdl.processorconfig.optimizeconfigurationfornetwork.html
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Solutions for Deploying Deep Learning to FPGA Hardware

Training

P ,;"\ Ve K_\

FEATURE LEARMNING CLASSIFICATION

Configurable Deep Learning Processor enables:
- Fast prototyping to assess Al model performance
- Adapt to smaller edge devices

19
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Network Examples

Network Examples Application Area

VGG16/VGG19 Classification

ResNet18/ResNet50 Classification/Detection CNN

YOLO v2 Object detection CNN 2021
MobileNet v2 Classification/Detection CNN

1-Dimentional CNN networks Classification/Detection CNN

Segmentation networks Segmentation CNN 2022
LSTM networks Signal processing RNN ) |
YOLO v3 Object detection CNN 20228
GRU network Signal processing RNN 2023
YAMNet (Audio toolbox) Classification/Detection CNN

Projected LSTM Signal processing RNN 2023

YOLO v4 tiny Obiject detection CNN 2024

20
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