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I
A.l., Machine Learning, and Deep Learning

Artificial Intelligence (A.l.)

Computer Pattern Machine Cognitive
Vision Recognition Learning Robotics

\

Fuzzy Systems

Linear K-Means Deep Learning . Reinforcement
. ) Decision Trees )
Regression Clustering DNNs Learning
Multi-Layer oL Convolutional L. Recurrent
Neural Networks Neural Networks Neural Networks
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2012 - Breakthrough in Automatic Image Classification(Top 5)
Image-Net Large-Scale Visual Recognition Challenge (ILSVRC*)
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L
Humans: ~95%***

GooglLeNet v1

AlexNet

* http://image-net.org/challenges/LSVRC/
**http://www.slideshare.net/NVIDIA/nvidiaces2016-press-conference, pg 10
*** Russakovsky, et al 2014, http://arxiv.org/pdf/1409.0575.pdf
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Convolutional Neural Networks - CNN

Input Image (Feature Map) Output Image

before:
input output layer T Filter
layer hidden layer RE
— 1
now: — — Sliding Window Processing
Input Image
> Use Convolution Function to compute next layer — Dot Filter Output Image
product and Accumulation ch" !
I |
> Pooling or subsampling layer to reduce features Many Input Channels (C)
» Convolution Implementation: Direct, Matrix Multiply, FFT, i Input Image it
Winograd Convolution Fil:ers tffll [

|
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Network Complexity by Operations and Weights Sizes
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An Analysis of Deep Neural Network Models for Practical Applications, Canziani et al.
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Classification, Object Detection, Segmentation
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Training and Inference in Deep Learning

] Input ;>
TRAINING

labels

“dog”

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

FPGA Focus

INFERENCE

W

~

Inference: Using trained models to
predict/estimate outcomes from new
observations in efficient deployments

J

https://arxiv.org/pdf/1510.00149v5. pdf
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Deep Learning Challenges — Solution Flexibility is Key

Translate &
AlphaGo:
Huge networks ! |
Medical || | RS
Challenge 1:Different use cases require different sl enoris

networks & different figures of merits
Speed, latency, energy, accuracy

High accuracy
Low latency

Hearing Aids:
Small network
Low latenc

> «cat»

Challenge 2: billions of multiply-accumulate ops & tens
of megabytes of parameter data

Output (w,h,m) +=
- by, @ 1 input (w+x,h+y,d) *filter (m,

Sea of operators, custom math & memory hierarchy X, 9,4 5
-'R“er Pt Nluunberandl:ype_s of
\]|* GoegleNet (2014) g A4
ulumigiigui%:i%ﬁa’ii‘i%tﬂ'ﬂ“

Challenge 3: Continuous stream of new algorithms
Hardening architectures is risky

Data repr ions and
quantization methods
are changing

Graph Connectivity
is changing
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Scale of Devices .

» Embedded/Low Cost:

—2Zynq (PYNQ, Zedboard, Snickerdoodle, Zybo)
— Snickerdoodle: Zynq 7010 — Dual Core ARM
» 28K LUTs, 80 DSPs, 262KB RAM

—PYNQ: Zyng 7020 — Dual Core ARM
« 85K LUTs, 220 DSPs, 612KB RAM

» Large High Performance:

— Virtex Ultrascale+ (VCU1525, Amazon F1, etc.)

— Virtex Ultrascale+ VU13P
* 1.7M LUTs, 3.4M FFs, 45MB RAM
» 12228 DSPs (153x Larger than Zynq 7010!)

— AWS EC2: f1.16xlarge using VU9P
» 54720 DSPs across 8 FPGAs
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I
FPGA Precision Optimization - Inference

Reduced Precision

o0
=
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b

» Inference moving towards lower precision

&
v

> Inference with Integer Quantization

— Fixed-Point Sufficient For Deployment (INT16, INT8)
— No Significant Loss in Accuracy (< 1%)

AlexNet model
| —=—Top-1 Accuracy
—e— Top-5 Accuracy

AlexNet model
—=— Top-1 Accuracy
—&— Top-5 Accuracy

L%
=

AlexNet Accuracy (%)
o
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AlexNet Accuracy (%)
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0 . . - 0

16 14 12 10 8 6 4 f " Y
. . K v , 16 14 12 10 8 4
) E ne rgy Eff|C| en Cy Precision of convolution weights Precision of Innerproduct weiahts

_ >1 OX Energy EfflClency OPS/J (INT8 VS FP32) N?veen Suda et. al, International Symposium on Field-Programmable Gate Arrays, 2016
- Model Pruning
— 4x Memory Energy Efficiency Tx/J (INT8 vs FP32)

» Reduced memory bandwidth for same orginal network pruning welght sharing
throughput

pruning
synapses

-

» Reduced model size

— Easier to fit entire activation data on-chip

pruning
neurons

» Pruning reduces complexity further

Song Han
CVA group, St
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I
Do we loose Accuracy?
Compensating Quantization with Network Retraining

i iSi 15.00
> JUSt redUCIng preC|S|0n, < @hary —|NT2 INT4 INT8 X— INT16 O—FP32
reduce hardware cost & ¥ 5
increases error 14.00 '
55 13.00
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. . . . ﬁ
retraining & increasing :: i
network size 2 A\
= Q
@ 11.00
= X
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Computation Resource
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Modes of execution — Memory Architectures

i_mmObuf i E __________ \ i
—IIIIIITL ! D . e
i_maxPBuf i i /r'nax:Buf : imaxPBuf | !
""""" ! ! Inputimg I
inputimg : /44:: mmObuf ! e : _
3 ! reader | 1 ‘t====—m=--2 ] , « inputimg
e : >> imgBuf
/ im2col i
Matmul + : E
i Matmul + i Matmul + £ wtBuf
[ mmOBuf RelU |  [mmoBur s <
maxpo-ol : maxpool i maxpool
: ' _/
: \:\‘ maxPBuf maxPBuf
maxPBuf : !
HOST R —  DOR FPGA RAM DDR
Single Step Multi-step Fully Automatic
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Xilinx GEMX — Dense and sparse fixed point GEMM for MLP

» Supported operation
C=A*B
where A, B and C are matrices
data type: int8, int16, int32, fp32

» Architecture highlights

— Hierarchical buffering in the matrix load

Matrix A Matrix B

» Supported operation

C+=A"B

where: A sparse matrix; B, C vectors; data type: int16, fp32

> Architecture highlights

— Vector partitioning and Streamlined flow with two cross bars

— Elimination of rigid input format and row padding

mulB addC
and store modules **:ED"[_']:D_’ _.]]]_[_. <t 11
— Fully pipelined block A transposer cBarcol | - xBarkow | : —‘; z storeC
— Fully pipelined systolic array _'IDT"E—’ —»]]]—[ <17
implementation of matrix multiplication —
High data bandwidth requi t: o Row L T
g ata banawi requirements.
(E,g. 32x32 array@250MHz require toadb i
64"2"25006/2*30 = 29.8GB/s > 15GB/s T

« Dense GEMM
* int8, int16

» Per block performance 400 GOP/s
« Works with arbitrary size matrix
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» Sparse Matrix Vector
* int8, int16
« Solve significantly large problems
» Performance a function of NNZ
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GEMM Array — Visualizing Systolic Arrays (4096 DSPs)

Xilinx KU115 Device
Two Kernels, One per SLR

Array Columns Array Nodes Array Rows
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Python local Shared

Darius — Convolution IP \)

| ifm_sw I
PS ARM -« > DDR
> Designed to scale £ HI
_AS Sma” aS 64 DSPS 3 el | AX| SmartConnect IP |_
» Direct access to ARM for control ol l
» Shared DDR for data transfers
» Key Feature: Data Movement oo varying image size
— Designed for limited on-chip memory 23 //’M«:fl
70%
» Key Feature: Systolic Array 5 oo e
— Use hardened DSP carry chain g o D
0O 20%

10%

0%
5 7 9 11 13 156 17 19 21 23 25 27 29 31 33 35

» Provided as part of DAC 2018 contest image size
https://github.com/xilinx/PYNQ-DL
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Xilinx CNN Programmable Overlay - xDNN

p - N Features Description
Image Kernel Sizes 1x1, 3x3, 5x5, 7x7
Download/ Slilits 1o
g Upload Image Memory a Convolution Pa-ddu:ng == KemellSize
S s 4 H Activation RelU
8 = Cache Fetcl =>\ y 'E Bias Per Channel
< > < E13 g Scaling Scale & Shift Value Per Channel
AXI-MM o ::; Instruction [ Systolic Data (¢] Kernel Sizes 2x2, 3x3, 4x4, 5x5, 6x6, 7x7
L © \ RAM | Setup ) 8 Max Pooling Strides 1-7
e r E Padding <= Kernel Size
" ] ( / \ & Kernel Sizes 2x2, 3x3, 4x4, 5x5, 6x6, 7x7
AXI-Lite e 3 . =
P — (1] Avg Pooling Strides 1-7
; Systolic Array Padding <= Kernel Size
o = Filters (MACS) EIemeA:tc;Wlse Width & Height must match; Depth can mismatch.
o Data width 16-bit or 8-bit
e a2 . Configurable
= | \_ J 2 DSP Array Size (14x32, 28x32, 56x32 for GoogleNet/ResNet)
3 &
( ; i) = Target Clock XDNN core: <= 300MHz
REfOI’mat/ACtIVBtI [ Speed DSP Systolic Array: 500MHz-600MHz
— _on/MaxPool/ EA/ 2
= Networks GooglLeNet v1, ResNet, SqueezeNet etc
xfDNN PE Supported ! !

» Supports GoogleNet V1, ResNet50, YoloV2,

» Programmable Feature-set ST _ _ _
Classification, Segmentation and Object Detection

» Tensor Level Instructions

> Full toolchain for Python/Caffe/Tensorflow/MxNet
» < 7ms latency for ResNet50

» 500+MHz DSP Freq (VU9P-2 speedgrade)

» Available on Amazon F1

https://qgithub.com/xilinx/ML-Development-Stack-From-Xilinx
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B
Customization Flexibility

» Flexible Processing Engines to be optimized for different —
Problems —latency vs throughput

HZ
Data A«

» Scalable Implementations to meet performance ol
requirement — Add PEs for more performance ‘ :

Image & Filt
=
m o] 2
= 2l = H
g HIE 8
S ®
sl|g
o
S @ 4]
1[N S (| -
2 4 g ®
S s =l
1] w > =
al =3 1
= 3 2
H 2 §

» Each PE can run different CNN — Mix and match object
detection with deep classification 28x32 PE

» Enable Inline ML processing with other application

#DSPs Cache 16 bit GOP/s 8 bit GOP/s Advantage
28x32 896 4MB 896 1,792 Optimized for Throughput
56x32 1792 5 MB 1,702.4 3,404.8 50% less latency

50% less latency, larger CNN

56x32 1792 8MB 1,612.8 3,225.6
networks
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Seamless Deployment with Open Source Software

From
Community

From
Xilinx
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openstack.
xfDNN Middleware, Tools and Runtime

{RESTful API}

@ & scala R JS pﬁor juli.il ‘ Go

dr
Caffe 0 @xnet

XDNN CNN Overlay
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Network Compilation

Graph Compiler Network Optimization Quantizer

Tt ST, ¢

Network ® ® [

Deploy e | S s ® ® [ ] ®

* Deploy pre-trained floating point

Build network graphs from * Fused Layer Optimization . .
Frameworks » On-Chip Memory Streaming models on 16bit, 8bit and lower
Optimizes for Inference * Internal Scheduling * Maintains accuracy without retraining

« [Easy and Fast
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Graph Compilation

» Graph comes first from a Framework
— TensorFlow/Caffe/MxNet/etc.

» Cleanup to produce unified dataflow graph

» Basic optimizations, node merging

» Memory optimization
» DDR static vs dynamic scheduling

» Partitioning, Parallelism
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Merging Layers: Convolution + BN + Scaling

4

Qutput Qutput

Convolution

“One Shot”
Network
Deployment

B—u+
Batch Norm Lﬁ

+
Vo2 + € Vo2 + €

Scaling
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Blast from the Past - Quantization

» References from research published in Electronics Letters, 1994
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Conclusions

» FPGA demonstrate proven compute capabilities

» Design architectures must balance flexibility and performance
» Memory hierarchy and data movers to fully utilize the FPGA
» Mix of specific and generic compute arrays

» Network Compiler bridges gap between User code and FPGA

» Quantization choices based on training options
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Thank you
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