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About Avnet

Founded in 1921

Headquartered in Phoenix, Arizona

AVT listed on the NYSE since 1960

AVT listed on NASDAQ since 2018

#128 on the FORTUNE 500 (U.S.) in 2018

Awards
» Top 10 for 2018 Gartner Supply Chain Top
25 - High-Tech industry category
+ World’s Most Ethical Company by
Ethisphere Institute from 2014-2018
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This Is the new Avnet

We design, make, supply and deliver technology solutions.
We work with customers of every size, in every corner of the world.

15,000+ 2,500+

Employees Engineers around Engineering
worldwide the world community members

2.1M 1,400+

Customers in Technology Units shipped
140+ countries suppliers WW annually 1 25
Locations across the world

We guide today’s ideas into tomorrow’s technology.
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The Avnet ecosystem

New Product
Introduction

Research Concept Prototype

Production Service

E A \: ﬂ Dragon
elementiu : : [ — % Premier Farnell
COMMUNITY : QS Premier Farnell !

e | () e e (] i (5

e hackster.io

/AVID

AVID TECHNOLOGIES

/

AVNET

Design Design Services/ Manufacturing
Services Manufacturing Support Support

4 AVNET

Communities Digital Tools

Supply Chain Logistics
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Your one partner for loT

A Key Enabler for .

IoT Development

System
Integrators -~

We simplity complexities
by connecting reliable
partners to solve your
challenge.

: __4 AVNET



Xilinx Machine Learning
Edge to Cloud

IANVNET
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Deep Learning

INPUT LAYIR

Deep neural network

HIDDEN LAYER § HIDDEN LAYDR 2 HIDDEN LAYER D

5-Layer Neural Network

QUTPUT

> Why now?
* New processors making DNN
training feasible (Ops/$)
« Huge amounts of training data

> Faster/Better Results

» Caused explosion in Al Research
* More Applications

* More Startups

* More Innovation

* More Acquisitions . . .

™~
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L
Deep Learning: Training vs. Inference

Training: Process for machine to “learn” and optimize a model from data

Inference: Using trained model to predict/estimate outcomes from new observations

R&D server cluster

“dog” labels HPC Servers

(GPU-enabled)

=7 “human face"”

= ¥ 4 o - ,‘J
S - =
Arge M Czy T/ backward  error

TRAINING MODEL
. i i ~ forward
i i - “human face" Cloud servers
| / Smailer, (FPGAs, ASIC, GPU)
varied N
IMFERENCE

Edge Devices
(FPGAs, ASIC, GPU)

AVNET
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Delivering Adaptable ML Compute Acceleration

CPU GPU FPGA/ SoC / ACAP Custom ASIC

(Sequential) (Parallel) : ' :
1 EEEEE l

| - e
] _ -
‘ll | — 1 2

SW Programmable v v’ v
HW Adaptable — — v —
Workload Flexibility v’ v —
Throughput vs. Latency o — v 4 v’
Device / Power Efficiency = — v v

AVNET



Accelerate the Whole Application Around Al Inference

Application

Typical Al Networks

Non-Al Workloads

Smart Retail /
Surveillance

CNN classification,
detection,
segmentation

multi-channel video
decode

Speech Recognition

LSTM and BART

Speech clean-up,
database lookup

Recommendation
Engines

MLP

Keyword pre-post
processing

Anomaly Detection

Random Forest

Smart NIC functions

Financial Tech

LSTM

Monte Carlo and
other risk analysis
models

Page 10

Xilinx — Matched Throughput

Performance Performance

Critical Functions Al Inference Critical Functions

GPU & CPU — Mismatched Throughput

CPU GPU CPU
) »,@-) » Q) >

Performance Performance

Critical Functions Al Inference Critical Functions

AVNET
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Deep Learning Models

. o el
O— Sl LN RS
R

Multi-Layer Perceptron Convolutional Neural Network Recurrent Neural Network
+ Classification : + Feature Extraction ; + Sequence and Temporal Data
« Universal Function Approximator - Object Detection + Speech to Text
« Autoencoder - Image Segmentation » Language Translation

Y

- m‘ “DOg”




L
Latest Inference Algorithmic Research

Optimize Compute with Reduced Precision CNNs & BNNs

8 bit solution loses no significant accuracy

Top-5 Error (ImageNet)

» BNNs are improving rapidly

+ Custom Floating point provide significantly more compute
density

11/18/2010 4/1/2012 8/14/2013

®<BNN CNN

Not only weights, but also sparsity pattern encodes information

before pruning after pruning

Model Pruning for higher effective performance: LSTM

« TIMIT 3-hour dataset — 20x

+ LibreSpeech 100-hour dataset — 10x
+ CustomerS1000-hour dataset — 20x
» CustomerS 3000-hour dataset — 5x

pruning
synapses

-

pruning
neurons




Xilinx Features for Implementing Efficient Inference Engines

Flexible Architecture for Any Precision

Flexible On-chip Memory for low latency

13

CPU

GPU

Xilinx

Beyond-8-bit

FP32 FP/INT16 INT8 INTE INT4 INT2  INT1
7 S 4 s

Max
poolin

Limited to 32 bit operations

New devices required to
support change in precision efficiently

Reconfigurable to scale and

optimize for different precisions

eeeeeee

T @ OUTPUT

TR o

1000
\g 4096 4096

Xilinx: Maximum local data reuse “layer merging” between layers

GPU/CPU: Dataflow using Off chip memory

AVNET



Xilinx ML Solution from Edge/Embedded to Cloud/DC

Deep Learning Applications

Featuring the Most Powerful
FPGA in the Cloud

Virtex Ultrascale+ VU9P

Cloud On Premises

By
‘\——.'—“:ﬁ awsme;rk-elp\aoe NIMBIX

(g EEC L EC :
i NAVNET
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Xilinx ML Solution from Edge/Embedded to Cloud/DC

Models

Software Stack

FPGAIP

Platforms

15

_______________________________________

T

Z7020 Board

ZCU102

Edge/Embedded

Cloud/DC

______________

xfDNN Quantizer

SDAccel xfDNN Compiler

xfDNN Runtime

Z7020 SOM

ZCU104

Ultra96

&= @ NIMBIX

Xilinx U50, U200, U250, U280

CDaitmoos 2

HUAWEI

AVNET



Xilinx ML for Edge/Embedded

IANVNET



Xilinx Value Proposition for Edge/Embedded ML

Xilinx offers the optimal tradeoff among latency, power, cost,
flexibility, scalability & time-to-market for Edge/Embedded ML

CPU

GPU

Xilinx
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Belief Net LeNet5.

TDNN ResNET,
1958 1960 1980 2012

[ 40 Years
AN Naddine . o ONN DONN
Propagation

Beyond 8 bit
FP32 FPANT16  INT8  INT6 INT4 INT2 INT1

| | 1 1 |
2012 2013 2014 2015 2016 2017 2018 2019 2020

Embedded GPU & Typical SoC

CPUs ‘

[Monitoring | [ critical
ul Decision

ZYNGT ZYNG™

CPUSs.

Monitoring / Ul

= 4 OUTPUT

ARTIX”
SPARTAN?

Scale/Migrate Design

Microblaze
ey 0 R
partan-7 FPGA FPGA
FPGA Fabric

ZYNQ™

r\ Dual
Dual
Single :ga E°
icroblaze A9 |

A7

FPGA
Fabric

ZYNQ

UtraSCALE+

Scale/Migrate Design

Kintex-7 UltraScale+  UltraScale+  UltraScale+
FPGA FPGA Fabric FPGAFabric FPGA Fabric
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Xilinx Pruning Overview

. 1/3 1110 110
Deep cgmpressmn Highlight @
Makes algorithm smaller and e it o
lighter - i — Rathl 7 el | R
g load mance
before pruning after pruning
Compression Deep Compression Tool can achieve
pruning __ efficiency significant compression on CNN and
synapses RNN
pruning
neurons Algorithm can be compressed 7 times
without losing accuracy under SSD
object detection framework

l‘-

\VNET
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Xilinx Solutlon Stack forEdge/Embedded ML

Face detection Pose estimation Video analytics Lane detection Oject detection

Segmentation

. Darknet ?
TensorFlow

Quantizatio

Pruning n

Compilati
Compiler Assembler

Runtime

RMELLAR
v EETLAL |
odels BEL AND B
AERALEAE
Framework Caffe
DEEPH:
Tools DNNDK
ML HW
Platforms 77020 Board 27020 SOM

ZCU102 ZCU104 Ultra96




DPU Utilization

More DSP. More LUT

B512 17951 28280 69.5 B512 20759 33572 69.5
B80O 20617 35065 87 141 B1024 29155 49823 1015 130
B1024 22327 39000 101.5 193

B1152 30043 49588 117.5 146
B1152 22796 40276 175 193

B1600 33130 60739 123 202
B1600 26270 50005 123 281
B2304 20592 57549 161.5 385 230 e s 1918 Ze
B4096 37495 84157 249.5 641 B4096 44583 99791 249.5 514

DPU provides flexible option depending on costumer’s resources and continues to improve

* URAM also can be used by DPU if device supports, every URAM is roughly used as 3.7 BRAM

20 AVNET



Perf Improvement with DPU

600
Current B4096*2 wo Prune
400
200
73 92
12 28.3
0
VGG-SSD VGG16

*The FPS of VGG-SSD of end to end performance
*The FPS of VGG16/ResNet50/GoogLeNet is of CONV part (w/o FC layer)

21

Performance Comparison (FPS)

ResNet50

445

GoogLeNet

™~

\VNET



DPU Scalability

Peak INT8
OPS* A
68T——— "~~~ zu1s
557 —f—""—""—F——~—~~~—~~F~~~~~—~ T T T T T T T T T T T T T T T T T T T T T T T ZU11
a1TF—"—"—" " " " — — — — — — = — — = ZU9
35TF—F——F7— ——————— T ZU7
29T ——— ZU6
28T —— T T Z7100
P2 ZUs
277045 DPU Configuration LUTs Registers | BRAM DSP
. 035 e B256(8x4x4) 16132 | 25064 43 66
B256(2x8x8) 15286 | 22624 535 50
L Zu3 B288(4x6x6) 15812 | 23689 46 62
7006—— — —— — — — — — — — — 77030 B512 (4)(8)(8} 20177 31782 69.5 98
-7 (- Zu2 B1024 (8x8x8) 27377 46241 1015 194
230G ————————— — — — — — — 27020 B1152 (4x12x12) 28698 46906 117.5 194
B1600 (8x10x10) 30877 | 56267 123 282
———————————— 27014S/2701
1156 70148127015 B2304 (8x12x12) 34379 | 67481 | 1615 386
B3136 (8x14x14) 38555 | 79867 203.5 506
B4096 (8x16x16) 40865 | 92630 2495 642

. * B256/288/512/3136 work in progress
* With heterogenous DPUs prea

2 AVNET




DNNDK Dev Flow

23

Five Steps
with

DNNDK

AVNET



#14. HHDecent 34T R £ 45

decent — Deep compression Tool
decent_qg — Quantization Tool

decent_p — Pruning Tool

S - 3L - -

Dense Neural Network Pruned Neural Network Compressed sparse
(FP32) (FP32) Neurai-Network (N
« Consists of two separate tools + Effects « Platform
* Quantization Tool * Compress model size + Caffe, Darknet
* Pruning Tool 5x — 100x + TensorFlow
« Compress running * Quantization Tool Beta version
time 1.5x — 10x *  Pruning Tool Internal version

2 AVNET



5245 {6l DNNG JE47H 70 4%

Parser
Caffe 10101101010101
Optimizer 11010101010101
—- 00111011010101
..F- / 00101100001101
Code-generator 10101101000011
TensorFlow

......

Neural Network Model DPU Instruction Code

Programmable tensor-level DPU instruction set
- Compatible for Caffe/TensorFlow frameworks
- Flexible & scalable for various CNN layers

AVNET

25
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Xilinx Al Developer Resource

Edge Al Tools

> https://www.xilinx.com/pr
oducts/design-tools/ai-
inference/ai-developer-
hub.html#edge

{ User Guide (UG13

winx_drndk_v3.0_1904 3.2GE 55115¢74cb43f0bdb 14278Bccfal4asd

JNNDK for ONNDE User Guide for S0S0C 667
[s‘t-s.pc . -iJr“]:-. n < xilinx_dnndk_v2.08_for 190214.1ar.9z i 71165aff3062497 400690 7077304901

MB

Edge Al Evaluation Boards

MD5 Cheacksum

Product Documentation Image Download

silinx-zcu102-prod-dpul 4

118.3-deaktop 657

4 : 21 0af5
buster-2019-04-24 img zip v e ddGeahdd?93d3d1 afdlfec360=1caf53
i i 571 . — i
201812002001 02-decktos-stistch img =ip V208 = d0d5faf3ecaB0bO6iS501d007 360525

prod-dpul .4-de: 655
Riis van . ;B" 503667 ac cc45492562775034b95d0c0

ZCUT04 Kit
£ 571 et
2-04-rcul 04-deskiop-stretch img zip v2.038 ME eda2420cdafbdBlefde=a 7412051725
deskrop-buster-Z( J 2 =

T FACIpUerZIng V30 58 Bbeb24afe0af524e9460076855] D6 Tad

04-23.mg zip MB

Avnet Ultra
96

vZ.08 I?:: €502422063213b4004018a5223Chad0E

Alim-ulrad6-geskiop-si

Edge Al Targeted Reference Designs (TRD)

.
Procuct Documentation ) File Size MD5 Checlesum ’N E I

Guide (PG338) zcu102-dpu-trd-20118-2-130322 zip 468 MB F107cc51a5d1 212696961 336 THEICHTT

26
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Xilinx Edge Al Tutorial
& XILINX

> https://github.com/Xilinx/Edge-Al- Edge Al Tutorials
Platform-Tutorials

Tutorial Description

Train, quantize, and prune custom CNNs with the CIFAR1D

CIFAR10 Caffe Tutorial {UG1335 : £
= * ' ) dataset using Caffe and the Xilink® DNNDK tools.

Train, guantize, and prune a modified AlexNet CNN with
Cats vs Dogs Tutarial (LKG1336) the Kaggle Cats vs Dogs dataset using Catfe and the Xilinx
DNNDK tocls.

Train, quantize, and compile 55D using PASCAL VOC
ML S50 PASCAL Caffe Tutorial (UG1340) 200772012 datasets with the Caffe framework and DNNDK
tools, then deplay on a Xiling ZCU102 target board.

Build a custom system that utilizes the Xilinx Deep
DPU Integration Lab (UG1350) Learning Processor (DPU) IP to accelerate machine
learning algorithms,
e = - Use the Yolov3 example, which converts the Darknet
Yolov3 Tutorial with Darknet ta Caffe Converter and Xilinx
DNNDK (UG1334)

madel 1o Caffe model and uses the DNNDK toal chain for
quantization, compilation, and deployment on the FPGA.

Learn the DNNDK v3.0 TensorFlow design process far
creating a compiled ".elf file that is ready for deployment

MMIST Classification with Tensorflow (UG1337) on the Xilinx® DPU accelerator from a simple network
madel built using Python, This tutarial uses the MNIST
test dataset,

Learn the DNMNDHK v3.0 TensorFlow design process for
creating a compiled el file that is ready for deployment

CIFAR1D Classification with TensorFlow (LIG1338) on the Xilinx® DPU accelerator from a simple network
madel built using Python. This tutarial uses the CIFAR-10
test dataset.

27 =



Xilinx Al Model Zoo

> h tt pS. / / WWW.XI I InX.CO Xilinx Model Zoo 20U102/ZCUL04/Ultra%6 performance number were generated with DNNIK v3.0BA1 SOK v1.0
|||/b|n/pUbI|C/0penDo i Podel me File Size Lllﬁdml:m ckb OPS per image Ps r
wnload?filename=all o o
bmage ITL%:; n:—:emlﬁggii%mma h7c2cad Je c105916d 10874 e6tfaa
Od e I S 2 O 1 9 O 52 8 Zi Classification resnetsd e e Fasnatsi @Rt [7.7G 25,60 Faffe_mv pmageNet Train
l I l . & "
bmage l" iﬂﬁ:ﬁf;—“&gsgﬁifﬂ“mwm {48610 760 1aBcdd: 15047 7002602 fe
E Clagsification fncaption_v1 SR i nception_vl ] B16G .0zm paffe_nw pmiage Net Train
bgp_s:ﬂ{m\' noe.comy'binypublic/o
Imagt.z TSR \ v2 201D 28.7MB (161030720 6296500 711 50 1hE5c 3B
Classification fncaption v br-ncepion 224" 124 B 100 paffe_nw pmageNet Train
hmaga fbin/ SUbE/Ofhon 71 b bEdAAMAIBTABAb B0 TSIET
[lassification fnception_v3 =26 inception-v3 R09* X0 11.45 3.8 paffe_mv pmage Net Train
e s |3..m y_ugf;“fi-?’lz!s1m 1F1 10505 e 2522723 TT1 T4 betdSees
Classification obileNet_vi MuobileNet_v? R HhcEM H.4m paffe pmage et Train
fmaga DO441MB  BTdatal1a0250600 10005833288 e
Classification 1 resnetS Fesnets) 22401 BATG 25,60 I fmageNet Train
wtps: S www xilinx. comnybingpuidic/ op)
Imsg?. = : 5 ilenama-tf inception vl 201905287 i pbadd caMEERE eI 2 g .
Classification f inception vl == inception w1 2240 B.0G oM pmageNet Train
it e xilinae. comybin/public/ o TH05C
lm“se ; ilename=tf_mobilenet_v2_20190538.7 AME TOfLISSeSL a7
Classi fleation f_mabdlenst_v2 ) 3 mobileNet v 234*2a 117G .M ensoflow  pmageNet Train
ADAS Vehicle PG
Detaction Bsd_adas_pruned 0,55 P 140 255 ach 414515 de WiGG-16 S0 360 16.3G 072 caffe bdd 100k + private da
ADAS Pedstrain [fe0acd 723 7e bad7R7ET 3b 002 1 kooo2014_train_pers
Detection &dﬁedestrﬁin_wmd_ﬂ?? GE-bn-16 60" 360 5,95 n.A7M paffe rnd crowndhuman

\VNET

l‘-
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]
Xilinx Al Demo Zoo

» Al SDK Demo
» 8-ch RTSP stream VCU+DPU demo

» Multi-model multi-camera Demo

» Demo Guide

29
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Xilinx Al Forums

https://forums.xilinx.com/t5/Deephi-DNNDK/bd-p/Deephi

30

Announcements Community Browser

~ @& Community Forums
Welcome to the Deephi DNNDK Community Forum. This community should serve as a resource

to ask and learn about using Deephi DNNDK on all supported platforms, new feature > & Blogs
announcements and troubleshooting Al applications. v [= Forums

» = About Our Community

™
Most Recent Threads » = Alveo™ and Boards

Before you post, please read our Community Forums Guidelines or to get started see our » [= Programmable Devices
Community Forum Help.

» = Design Tools

@ XILINX_SDK_AIl package versions varies for differe... WIE B st S

by [] yashaswini.shankar on 08-09-2019 04:55 AM + Latest post on &y 0 i » & Intellectual Property
2\ ¥ 1Y

v [= Applications
2 Xilinx ML Suite

2 Deephi DNNDK

ET



Out-of-box Supported Boards

> ZCU102
> ZCU104
> Avnet Ultra96

Ultra96
ZCU104

ZCuU102

1 AVNET



]
Video Surveillance ML Solutions

i3 DECPH:
L A

Intelligent Video Analytics
IP Camera Solution Acceleration Solution

Face recognition camera 12-channel 1080P Video Analytics
with Zynq7020 with ZU9EG

RISTOTLE

32



Video Surveillance ML Ref Design

Gender : Female
Upper-color-:-Yellow
Person Attributes Lower color : White
—> Hat : No
Backpack : No
Handbag : No
Other bag : No

Gender : Male
Upper color : Black

Lower color : Black
Hat : No

Backpack : No
Handbag : No
Other bag : No

Plate

Detection License Recognition Color : Blue

=
Number :3§1C LC689

3 AVNET




ADAS/AD ML Reference Design

2D/3D Object Detection Pedtrjn Detection

I

Lane Detection

—d

Segmentation
Segmentation + Detection

34



8CH Detection Demo

> Xilinx device
> ZU9EG

A\

Network
>>  SSD compact version

A\

Input image size to DPU
>> 480 * 360

> Operations per frame
>  4.9G

Performance
>>  30fps per channel

\"

*Removed Video

/

\VNET



4-ch Segmentation + Detection Demo

Xilinx device
> ZU9EG

Network
>>  FPN compact version
> SSD compact version

Input image size to DPU
> FPN-512 * 256
> SSD - 480 * 360

Operations per frame
>> FPN-9G
> SSD -4.9G

Performance *Removed Video
> 15fps per channel

l‘-

\VNET



Supported DNN (Deep Neural Network) by Applications

37

Application Function Algorithm Developed Pruned Deployed
Face detection SSD, Densebox v v v
Face Landmark Localization Coordinates Regression v N/A v
Face recognition ResNet + Triplet / A-softmax Loss v v v
Face attributes recognition Classification and regression v N/A v
Pedestrian Detection SSD v v v
Pedestrian Pose Estimation Coordinates Regression v v v
Person Re-identification ResNet + Loss Fusion v
Object detection SSD, RefineDet v v v
Pedestrian Attributes Recognition GoogleNet v v v
Car Attributes Recognition GoogleNet v v v
Video Analytics
Car Logo Detection DenseBox v v
Car Logo Recognition GoogleNet + Loss Fusion v v
License Plate Detection Modified DenseBox v v v
License Plate Recognition GoogleNet + Multi-task Learning v v v
Object Detection SSD, YOLOv2, YOLOv3 v v v
3D Car Detection F-PointNet, AVOD-FPN v
ADAS/AD Lane Detection VPGNet v v v
Traffic Sign Detection Modified SSD v
Semantic Segmentation FPN v v v
Drivable Space Detection MobilenetV2-FPN v
v

Multi-task (Detection+Segmentation)

Deephi

AVNET



Supported Operators

38

Conv
Pooling

+ Max

* Average
RelLU / Leaky Relu/ Relu6
Full Connected (FC)
Batch Normalization
Concat

Elementwise

Deconv

Depthwise conv
Mean scale
Upsampling

Split

Reorg

Resize (Optional)
Softmax (Optional)
Sigmoid (Optional)

\VNET

™~



]
Basic and Professional Edltlons

> Public Access Timeframe ~ ( ~ ~~ T oo oo oo o omemmmemmmmm e
>> Basic: Now
>> Basic with Tensorflow: Apr 2019
>> Professional: May 2019

* For Professional Edition pricing,

please inquiry Xilinx Al marketing

3-day On-site

> Basic in AWS Cloud — Apr 2019 Training

> Add-on design service — SoW

_-------------

Free
Pruning Tools
} Access Pruning Technology
- &
Compiler Compiler 3-day on-site training by a top-
notch ML expert
Everything you need Quantizer Quantizer &
to do it yourself - 30-day evaluation with
Pruned Models Pruned Models encrypted pruning output
Unlimited Unlimited
L Deployment 1 I Deployment I

L rrrrrrrrrrrrrrr T_T v i t-l‘

-------------—,



Avalilability

> DNNDK & DPU
>>  DNNDK basic edition - Download from Xilinx.com
>>  Pruning tool, separate upon request
>>  DPU available for evaluation & system integration upon request

> Demos & Ref Designs
>>  General: Resnet50, Googlenet, VGG16, SSD, Yolo v2/v3, Tiny Yolo v2/v3, Mobilenet v1/v2 etc..
>> Video surveillance: face detection & traffic structure
>>  ADAS/AD: multi-channel detection & segmentation
>>  DPU TRD (Work in progress)

> Documentation
>>  DNNDK user guide — UG1327
> DNNDK for SDSoC user guide — UG1331
>> Edge Al tutorials - https://github.com/Xilinx/Edge-Al-Platform-Tutorials
>>  DPU product guide & tutorial (Work in progress)

> Request or Inquiry
40 >> Please contact Andy Luo, andy.luo@xilinx.com

™~

\VNET



Xilinx ML for Cloud/DC

AVNET



Xilinx Value Proposition for Cloud/DC ML

t Throughput
Latency /
Power

Customizable Performance

Highest perf/watt

Lower precision optimized
Optimizations for Throughput and
Latency

42

Flexibility

*  Well suited for evolving Deep
Learning Field

»  Support for all types — CNN, DNN,
LSTM

* Integrate with custom application in
FPGA

» Full Software Stack for Applications

e 50

- |0 o
TIT1T -
| s— |
FPGA o
Accelerator Cards ol
Pooled Cards
Scalable

» Configurable from 1 to many xDNN
Engines

» Pool Xilinx cards for higher
performance

« Deployed today on edge or cloud

™~

\VNET



ML Suite Features

Based on xDNN v2
Supported Frameworks:

 Caffe

e MxNet

* Tensroflow
Examples

* DeepDetect REST Tutorial

* DeepDetect Webcam

* Image Classification

+ x8 FPGA Pooling GooglLeNet v1 Demo on AWS F1 instance

xfDNN Tools

» Compiler
* Quantizer

Easy to use Python Interface

Precompiled Models
ot 8/16-bit GooglLeNet v1
- 8/16-bit ResNet50

2 % o

)

\VNET



|
Seamless Deployment with Open Source Software

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

{RESTful API}
JS pﬁor jU“'.a ‘ GO
docker
Caffe 0 @@xnet

From

Community
®
s
)

openstack.
xfDNN Middleware, Tools and Runtime

XDNN CNN Processing Engine

AVNET

44



XfDNN Flow

xfDNN flow

AEEEEEEEEEEEEEEEERER I-IIIIIIIII-IIIIIIIII.
lE -
" Framework Tensor Graph to =
R |t e ¢ - < - - - - -+ [ A
Eo Xilinx Tensor Graph = phks
"N H
! .
= E xfDNN Tensor Graph Optimization E
5 D
LA AR RERFRERRERAERERDRERERERIERDIERERDRNINDN]]

N Model Weights
xfDNN Compiler xfDNN Compression
Calibration Set

xfDNN Runtime

Inage (python API)

CPU Layers FPGA Layers

45

™~
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ML Suite Overlays with xXDNN Processing Engines

Adaptable

> Al algorithms are changing rapidly
> Adjacent acceleration opportunities

Realtime
> 10x Low latency than CPU and GPU

> Data flow processing ¢ |

Efficient

> Performance/watt r—

Platform

> Low Power

l‘-

\VNET
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XfDNN Inference Toolbox

Graph Compiler

Build network graphs from
Frameworks

Optimizes for Inference
Generate code for xXDNN IP
HW/SW partition

47

Network Optimization

“One Shot”
Network

Deployment

» Fused Layer Optimization

*  On-Chip Memory enables Streaming

*  “One Shot” Inference eliminates CPU
calls

xfDNN Quantizer

..........

..........
..........

..........

Easily deploy pre-trained floating
point models on 8 bit.

Maintains accuracy without needing
lengthy retraining

Easy and Fast

AVNET



XfDNN Quantizer: Fast and Easy

1)  Provide FP32 network and
model

E.g., prototxt and caffemodel

48

2)

30

Provide a small sample set, no
labels required

16 to 512 images

3)

L & ®
& &
Int8-.-.

& ® @

Specify desired precision

Quantizes to <8 bits to match
Xilinx’'s DSP

l‘-

\VNET



Xilinx ML Processing Engine - xXDNN

Features Description

Supported
Operations

Kernel Sizes W: 1-15; H:1-15
Strides W:124868 H: 12438
Convolution / Padding Same, Valid
Deconvolution / — :
Convolution Dilation Factor: 1,24
Transpose Activation Rel U
Bias Value Per Channel
Sealiiy Scale & Shift Value Per
d Channel
Kernel Sizes W: 1-15; H:1-15
Max Pooling Strides W:1248 H: 1248
Padding Same, Valid
Kernel Sizes W:1-15; H:1-15
Avg Pooling Strides W:1246 H: 12438
Padding Same, Valid

Element-wise Add

Width & Height must match; Depth can mismatch.

Memory Support On-Chip Buffering, DDR Caching
Expanded set of Square, Rectangular
image sizes
Upsampling Strides Factor: 2,4 8,16
Miscellaneous Data width 16-bit or 8-bit

49

» Programmable Feature-set

» Tensor level instructions

» 700M+ DSP Freq (VU9P)

» Customer network acceleration

l‘-
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Computer Vision On Xilinx FPGA

AVNET



OpenCYV for Xilinx /™44

o XilinxFF& A B SIS 5H:, HLSH AT 5L SRIE AT & OpenCV.
H BTHLSTE LK HL B Mo Bk sk B, 36 R opencv & i sk B — AN B M, Thg bl Je g
O ZHEA LA R opencviR B AR FF, & & THLSZE & BhdI A A S E .
o FPAUHBERHXERE, W SEENIsLEl, £ 8 SRR MBS
« HfFopencv/LTANEEL, ARTRERTA FIATRHEHLS EEMSZEL, Avnetn] PABHBIE F 50T -
s BRI COHBECHEERTR T, Avnet #E%E P iH L EPS/PLEE LI LS,
GFEE T M HERECL L YRR &7 T £/ % P o) -
o MMRAEPSSLIL, A% HATEMKZ T/E, =/ iR LR A 2 15t
R R ZyngJARM L.
o FULPEREERETZINIG S, TEPLEEMET, Avnet &3 Bi% 7 FHHLSHEC
B A B i S PLEZE .
* Avnet A] LR 4t3E T OpenCV FEHE I ZyngF & LI 5 %3
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xFopencv: HW Accelerated OpenCV Functions

Level 1
Absolute Channel
difference combine
Accumulate SETITIC
extract
Accumulate
Color convert
squared
Accumulate Convert bit
weighted depth
Arithmetic addition Table lookup
Arithmetic e
subtraction
Bitwise: AND, OR, Gradient
XOR, NOT Phase
Pixel-wise Min/Max
multiplication Location
Mean &
Integral image Standard
Deviation
I\/Cliar;:ilteunc}e Thresholding

52

Level 2

Box

Gaussian

Median

Sobel

Custom
convolution

Dilate

Erode

Bilateral

Scale/Resize
StereoRectify

Warp Affine

Warp
Perspective

Fast corner

Harris corner
Remap

Equalize
Histogram

Level 3

Histogram of Oriented Gradients (HOG)
ORB
SVM (binary)

OTSU Thresholding
Mean Shift Tracking (MST)

LK Dense Optical Flow
Canny edge detection

Image pyramid

Color Detection

StereoLBM

~
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|
BREBEGEXRZSTE (Vivado HLS)

e Z—MI C > RIL {BF KT A
o HET C. C++. OpenCL, BEWHATIF MBI EREF MR
o A FH Verilogfl VHDLACHE
o LA HIEANR (Directive) K EIaH LR TIEHFIH %
o MWEIERUERIEESCEL R B shib TAERAE
. TU%}&%U’H‘A]\E@ System Generator #1 IP Integrator ¢

%%%mlﬁﬁWfl%L@ﬁﬂME

MR T-OpenCVR FE BRI EL, & T EME A

]
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Computer Vision / Sensor Fusion
with the PicoZed Embedded Vision Kit

Zaioith SDS0C

capture (in); e
filter(in,out); Avnet SDSoC Platform
display (out) ; (PZ-EMBV)

DMA
AXI-S

]

™ | Application
ZYNQ o

' Combin
e

auResiz

l‘-
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Computer Vision / Sensor Fusion
with the PicoZed Embedded Vision Kit

Thermal Warped

image

Resized

AVNET



Computer Vision Design Example: 4K60 Dense Optical Flow

main
imread(a) ;
ZCU102 EV
denseOpticalFlowPyrltr (A,B,out) P | atfo rm
imshow (out) ;
P SDSoC
O Generated
Enviroﬂmemim
ZYNQ Application

Libraries |

Linux

denseOpticalFlowPyrltr




I
Computer Vision Design Example: Stereo Disparity Map

57

main

imread (3) ;

stereoRectify (A,B,C,D) ;
stereoLBM(C,D,out) ;
imshow (out) ;

ZCU102 EV ]

SDSoC
Generated

4 Platform

Libraries

Linux

StereoRec StereoLB
tity % M




Avnet ¥ & il 547 (http://ultrazed.org/)

> MicroZed: 3T Zynq “F & H#hE T K i

> PicoZed: 3T Zynqg V& 1 H T A2 A% Ok
> UltraZed: 3T ZU3EGH]2~ S HROFIRZ Lo

> Ultra96: M T96 X ] ZU3EG &K, tHa]HT4Er,

> Zedboard: T-Zynq P& KR, A &2 % P BRI KR .
> MiniZed: J:T7Z007 BT 6 I RIR

> Mini-ITX: 2£T-Zynq *F- & 1 Tk Mini-ITX H &)k
> FPGA %7%]: 6SLX9, 7A35T/50T, KU040

AVNET

| /microzep | | /PICOZED | | /ULTRAZED | | /ULTRA6 | |/ZEDBOARD| | /MINIZED'|

NVNET  €XLNX gaicron
UltraZed-EG SOM

Powered by the Xilinx Zyng® UltraScale+™ MPSoC

“net Explorer provided by Avnet,
58 IAVY 1Y = 1



Avnet 7 &t — Ultra96
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» The Ultra96-V2 updates and refreshes the Ultra96 product that was released in 2018.

» Like Ultra96, the Ultra96-V2 is an Arm-based, Xilinx Zynq UltraScale+ ™ MPSoC
development board based on the Linaro 96Boards Consumer Edition (CE)
specification.

» Ultra96-V2 has been designed with a certified radio module from Microchip.

» Additionally, all components are updated to allow industrial temperature grade
options. Additional power control and monitoring will be possible with the included
Infineon Pmics.

» Support DNNDK, PYNQ.

LN VTR

Features

¢ Xilinx Zynq UltraScale+ MPSoC ZU3EG A484

* Micron 2 GB (512M x32) LPDDR4 Memory

¢ Delkin 16 GB microSD card + adapter

¢ Petalinux environment available for download
* Microchip Wi-Fi / Bluetooth

* Mini DisplayPort (MiniDP or mDP

® 85mm x 54mm form factor

¢ Linaro 96Boards Consumer Edition compatible




Xilinx DPU IP Deployment in Ultra96 (XCZU3EG)

The tutorial is here:

https://github.com/Xilinx/Edge-Al-Platform-
Tutorials/tree/master/docs/DPU-Integration

(v XI LI NX Requirements for Using the Xilinx DPU
a .

This section lists the software and hardware tools required <c use the Xilink® Deep Lzarning Processor {DFU) 17 to accelerate

méchinz leaming algorithms,

Edg e Al Tutorials Software Requirements

+ Vivado® Dsign Sutte 2018.2

+ Board fles for Ultrz96 v1 should e installed
DPU Integration Tutorial XimsK82

+ Petalinux 20132

Introduction

This tutorial demonstrates how to build a custom system that utilizes the 1.3.0 version of Xilink® Deep Learning Processor
(DPU) IP to accelerate machine learning algorithms using the following development flow:

1. Build the hardware platform in the Vivado® Design Suite.
2. Generate the Linux platform in PetaLinux.
3. Use Xilinx SDK to build two machine learning applications that take advantage of the DPU.

Note: The Ultra96 will be the targeted hardware platform.




]
[

o HE SRES ] M 4%

+ Tensorflow HEZZ

« MMdnn HEZ24%

« Xilinx DeePhi DNNDK 2.08
¢ Xilinx DeePhi DPU

o REHHEE 92%
. At 37.6 plate/s

FERA

« Avnet Ultra96 J &tk

+ Xilinx Zynq UltraScale+ MPSoC ZU3EG
2GB LPDDR4

Wi-Fi

USB &4

H A5 5LH

- FEAZMT
SN S

For further enquiries, please contact us at Asia-GDS-Contact@Avnet.com
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Avnet /=i — AR AL

1080P A KRB —1&3RAE ML

ERREZEIMEIE, BRRAXRIAKARE

o RINBLAPE 2B, AR 2 U TR 1) B — 4
« E\VIP Camera SOC, 4K uHDA =115 H.264/H.26 5H AT 4 15

o MR N S HE T R ) A M B B 1R 4

o WEBZHEZ, WHEATFSETE, A 8EY TFE N < E

F BRI =1
. FEIX o ;_'f':.:l
RN =
o[22 JIE )

. AT
© TR /\VNET
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Avnet Embedded Vision Campaign

https://www.avnet.com/wps/portal/apac/products/c/embedded-vision/

Reach Further”

W
0
I_\V N E T [ v model or part number. . @ APAC (ASIA PACIFIC)/ ENGw | $USD ¥ | SIGNIN v |TE\,1(3>E

PRODUCTS ¥ MANUFACTURERS ¥ SOLUTIONS v RESOURCES ¥ COMMUNITIES ¥ ABOUT AVNET ¥

R

Embedded Vision with AVASE & XK

From complexity to clarity

For most humans, sight is intuitive. For machines, sight is an incredibly complex task. Embedded vision technelogy can help machines “see” by quickly extracting
intelligence from images in real time and under various lighting conditions. In the autcmotive space, this can enable autonomous cars to avoid that pedestrian in
the crosswalk or roadside collision faster and more efficiently than ever before.

From autonomous driving to surgical robots and automated factories, the latest innovations depend on sophisticated embedded vision solutions that turn daunting
new technological complexity into clarity.

Avnet & Xilinx

Products to help you
implement embedded
vision

From entry level and affordably priced
MiniZed to the powerful UltraZed EV kit,
Xilinx products are up for your embedded
vision challenge.

l‘-
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Avnet FPGA Solution Guide

» Reference Design
»|P Core
» Development Kits AVNET

A New Chapter in
Embedded Designs & XILINX

AAAAAAAAAAAAAAA

AVNET



Avnet Al Training and Solutions

» Training Event: Al workshop

» Propose Al workshop to present Xilinx Al
solution on Edge (DNNDK) and cloud (ML suite)

» Reference design:
» Automatic Number Plate Recognition by ADS
» DNNDK tool chain
» Based on Ultra96

» Product:
» Face recognition camera
» Based on Deephi XC72020 module

INVNET*®

NAVNET XILINX

XILINX Al Worm—

Integrate Al into your Cloud/Edge apy

IR R R S

g
Atificial Inteliigence

(o @020 50 mirs ) By Andrew

General Intro of XILINX Machine Learning Suite

(o _0zo-mzo

XILINX ML development, from the perspective of cloud Al

= ufl using Caffo & TF as
(» nzo-12z0 0 mins )

XILINX ML development, from the perspective of edge Al

N white papes and
» Using CHN pocling cas

AVNET



Thank you




