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Uncanny CV

OpenCVED L E T2 ~20 15D £ EE (1GHz Cortex A9 THIE)

Algorithm Throughput X JL— 7 bk Acceleration {&£E
b= N (Megapixels per sec) (OpenCV & O EEER)
(AHEY I/
Canny Edge detection F¥=——IT v IEH 25.0 3 x
ORB (1500 keypoints) 37 5x
Convolution 5x5 BHAIAH 7 1 )L —5x5 96 22x
Erosion/Dilation YR fi&/H83k 153 6.5x
Integral Image € T I A A= 5 96 2.4 x
Harris Corner /\') X O—F & H 15.7 6.5x
Stereo Depth Computation (Parameter dependent) 6.1x
Face Detection (LBP Cascade) (Parameter dependent) 3.5x
Connected Components & §5 i 73 H (Image Dependent) 1.7 x
HOG Pedestrian Detection ZF{TE B H 1.7 (on Cortex-15) 9x

© 2016 BTG-Consulting
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Deep Learning to FPGA Compiler

‘ FPGA deployment appliances = TERADEEP
Srvon R J=

Compilers

Making a GPU
look like a CNN engine

<. TERADEE

P

STUDIO

CNN
Torch
Compiler

*

Converts Trained CNNs
into programming of the
nn-X operators/fabric

. Native CNN
nn-Xin Engine
SoC / FPGA

WRANSAS . right 62016

© 2016 Xilinx
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Xilinx

e Auviz SystemsZ! IP Core Auviz DNN |

Tool Flow: Implementing CNNs

r "~ ffe -
i * Modify

* Design & * Use the
optimize Auviz run-time
CNN provided provided

e Train CNN host code by Xilinx
to obtain e Use Auviz e SDAccel
weights utility to supported

e Use GPU import PCle card

weights * Run & test
the
network
N,
3 i
© 2016 Xilinx Auviz Systemss
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Altera

Case Study: Image Classn‘lcatlon

« Deep Learning Algorithm i
— Convolutional Neural Networki i I

— Based on Hinton’s CNN
« Early Results on Stratix V

eeeeee

Hinton’s CNN Algorithm

— 2X Perf./Power vs. gpgpu _ o _
. . . The CIFAR-10 dataset consists of 60000 32x32 colour images in 10 classes, with 6000
o desp|te soft ﬂoatmg pomt images per class. There are 50000 training images and 10000 test images.

Here are the classes in the dataset, as well as 10 random images from each:

— 8+ simultaneous kernels Jirplons T |- | e
< Vs. 2 on gpgpu automobile .H..‘
—  Exploiting OpenCL channels "= Ay EE

< Dbetween kernels . %;5
« A10 Expectatpns | » ';E‘l'é"ﬂl
- Hard floating point trog BT e
. o 5 P
— Better density and frequency 5 F
— ~4Xperformance/wattv SV =~ = o L SEh
8 1 ©2015 Altera Corporaticn—Public Aﬁrm g
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Synopsys EV6x (DLEEFAI U Y)

e  512bitDSP ZH T B/\(/NT—ARC A7 ETASS5TS5T )L CNN Engine DA S HE
o D—YRT—2arTEELEFRYLT—S%. CNN Graph Mapping Tool TYYE Y H&E

NEW! Introducing the DesignWare® EV6Xx
Embedded Vision Processor Family

Most highly integrated vision processor

— Unified scalar, vector DSP and convolutional
neural network (CNN) architecture

EV6x Embedded Vision Processor — Supports 1080p - 4K vision streams
Vision CPU (1 to 4 cores) CNN Engine — 100x higher performance than EV5x family

OpenCV, OpenVX™ MetaWare, OpenCL C
libraries and API Development Tools

User scalable for optimum performance
— 1to 4 Vision CPU cores
— Programmable CNN engine (option)

32-bit 512-bit 32-bit 512-bit
scalar | vector DSP scalar | vector DSP

Sync & Debug Streaming Transfer Unit Shared Memory
AXl Interconnect

Core 2 Core4
[ Gore 1 [ Core3

State-of-the-art performance-efficiency

High productivity toolset
— OpenCV, OpenVX, OpenCL C, MetaWare

| General Availability: Oct 2016 |

SYNopsys'
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Synopsys EV6x (DLEEFAI U Y)

e ADASELUVEEIRAASY AT L EZRETE . AKERIZXT IRl §E
« OpenCV, OpenVX, OpenCL, MetaWare |Z XA B %

High Productivity Tool Set

Erm— « OpenVX eases vision graph

OperVX. COpenVX. Runtime development

_ Cic++
A Uk ) 'S » OpenCV open source library of
03‘1@ O GDE"CLC 2500 vision algorithms helps

Vision Gragh % oL - build vision applications
- MetaWare C/C++ compiler
0 delivers optimize program
" MetaWare C/C++ compiler 2
: CNN Graph CNN Graph codin
‘ miElull sak Mapping Tools Training Q

function vectorization
« OpenCL C instructions with

whole function vectorization

simplifies DSP programming
EV6x Embedded Vision Processor
« CNN graph mapping tools

. Synopsys [:] User Open Source |_| Third Party Partner automate CNN programming

2 2016 Synopsys, Inc. 8
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2+ 254511 NVIDIA Jetson TK1 -

I -%?-rf_é;;z%; :Migﬂﬁ.a;_gf .fﬂxi,”_ 6 >
AHEAR—k
e FIFEDFRIKEIRIZIetson TK1 EIZFEZE

* NVIDIA Tegra K1 SOC & &
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ISP + Jetson TK1 + cuDNN v2

o caffexZDEEFBHE(Python / C++ / cuDNNv1)
= H|FI[Z23~25ms...

o caffe®pythonEl > ZHIIBR
= | F11Z20ms ~ 30ms

o CUDNNV2R—XNDISP M BEEILE
= FIBIZ5msFEE
— FTINARE|EHEY DIk > AASHSERERE

Loop
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iz 2t Z 452 Xilinx Zyng -

* tiny-cnn Z. Xilinx Zynq7020 L (23 %
— https://github.com/nyanp/tiny-cnn TSN TLVSC++3EE

— HUTILD. LeNetlZEBAMNISTEEE X FIRHAFPGAIL
« LeNetldConvolition 3/&. Sampling 2J&. Fully Connected 1D /NE7EAy
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LeNetA< v OB E X

o teeeemea e e e e e e E oA E A e oo R R e SRR R R e RS RN E AR eREAN R AR e e EenrnRranrnn
: E{& A JIDMA
DRAM ':Z(;ZU_S L5/E) ¢S X —4 AIDMA A2J20—kRO2w OB
. _ H. :I*O l\ ﬁ
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ARMEIR/ (X )
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CPU
Zynq/000

MNISTFEEXFER:H CELSBD/ (S A —INE/(SA—HFD94%Z LD DTz,
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SDSoCTRHEZITO> Lma(E. ATO— ROZY U(BEE) (CHER/ (S A—FDDMAKT
O>y ODFHAL D (BB TEKRSND,
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LeNet A<y Ov9¥5K
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