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To research and develop intelligent autonomous systems

Computer vision

] 7)

see “understand” “process”
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Time Artificial Intelligence
<1950s Statistical Model
1950s The term “Machine Learning” was used
1990s Shift from a knowledge-driven to data-driven approach
2000s Supervised ML methods (SVM, Kernel Methods)
2009 Power of many and real-world examples - ImageNet is created ImageNet Challenge
2010s Deep Neural Networks — Performance improvement with data IMAGENET .

« 1,000 object dasses |
{categories).

# |mages;
o 1.2 M train

< 100k test,
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ImageNet Challenge

IMAGENET

= 1,000 object classes
(categories).
* |mages:
o 1.2 M irain
o 100k test.

convolutional ~ pooling convolutional  pooling
+ nonlinearity + nonlinearity

CX I engps 1601 0= 0

21 Teafune maps

Full connsclion Gaustian conneclions
Convoludicns SubEampling Convolutons  Subsampling Full connection
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Models — Where we are today

Top-1 accuracy [%)]

HASHat-A-Large
80 1 se-Resnex- mmm e ::::::Md:l :‘::'““ = I:I:*ﬂl-t 1, SEN-154
55 Rz mxl e, ...:BI 1”:5 - 101 (Bkndefy .
Sieery e SEI ST * Number of models trading-off
sl Ors QEEEEE R :
" oneptizz - complexity vs accuracy
Wil e - ' e P * Top-1 accuracy 82% (increase of 30 pp)
B . , .
g ,* 20x higher computational complexity
I..ﬁ.ler:hl-rl
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Operations [G-FLOPs]
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/ surveillance \ / Aerial Monitoring \

Autonomous Driving \




Imperial College
London

f,ntelligent Digital Systems Lab

f surveillance \

High-Throughput Applications

/ Aerial Monitoring \

(Autonomous Driving\

Scene Understanding

Multiobjective Applications

Performance

Low-Latency Applications

Power
Consumption
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Performance

Integer |
Add FAdd
8 bit 0.03pJ 16 bit
32 bit 0.1pJ 32 bit
Mult FMult
8 bit 0.2pJ 16 bit
32 bit 3.1pJ 32 bit

Power

Consumption

0.4pJ
0.9pJ

1.1pJ
3.7pJ

Memory |

Cache (64bit)
8KB 10pJ
32KB 20pJ
1MB 100pJ

DRAM 1.3-2.6nJ

Power
Consumption

Performance

Efficient utilisation of the resources
- Compute resources
- Memory resources

Have the Right Data in the Right Place at the Right Time

M. Horowitz, "1.1 Computing's energy problem (and what we can do about it)," 2014 IEEE International Solid-State Circuits Conference Digest of Technical
Papers (ISSCC), San Francisco, CA, 2014, pp. 10-14,
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Platform Layer | Generic Application Specific
DSPs GPUs FPGAs ASICs
TPU
Qualcomm Hexagon, TegraKl,Xland X2  Custom datapath
MAXIMIZE Apple Neural Engine, Custom memory subsystem

POOR |
EFFICIENCY

Customisation Implementation

(GEMM, Winograd)

Algorithm

Approximations

Algorithmic Layer
12
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Putting things in perspective — What customization buys you

Impact on LSTM-based Image Captioning — Computations tailored to the architecture

Input Image .

40%

M = Bl

ML = 1208

MT = 2

T¥s 1

M = 104
— Bass model

Kouris, S. Venieris, M. Rizakis and C.S. Bouganis, "Approximate LSTMs for Time-Constrained Inference: Enabling Fast Reaction in Self-Driving Cars",

B. inIEEE Consumer Electronics Magazine, 2019
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Application metrics
(accuracy, ...)

Algorithmic Layer

Efficient and Automated Mapping Development Tools
of Algorithm to Processing Platform Layer

Algorithm-Hardware Co-Design

Hardware Layer
Optimisation Objectives

Latency Throughput
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Lk

Look-Up Tables i

DSP Blocks

Flip Flops ' On-chip RAM

o S0+ |
A wih FPGA
- h-'
7| | e | B TR
e §—
T K [ LRl
External Memory (DRAM)
T DORTOLLTION » B0 0L { O R0 « BLL  PeOe FLATHR mlu‘;::u: FOrTEAl
|~ .I 'III\- -.III
I-III.I Hr.- L] ]
HIDDEN LAYERS CLARSIFICATION Characteristics

e Custom datapath

* Custom memory
subsystem

* Programmable
interconnections

* Reconfigurability
* Heterogeneous
* Difficult to program
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The Challenge of the Mapping Problem

— i 2 -r —| T | .
‘ 1 S et B, ] 18 /) Architecture

:::::::::

HIDDEM LAYERS CLATEIFMATION

Parameters Value

LC 2M
BRAMS (36kbits) 1,880 Challenges:
DSPs 3,360 - Diversity of operations in modern NN
- Diversity and resources of modern FPGAs
Specifications - Competition (or need for performance)
- Latency - Large number of parameters in the target

- Throughput

- Power consumption architecture
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Challenge #1: Automated CNN-to-FPGA Toolflow

Caffe
torecn

Requirements Specifications

— o —

v A

1 1 I 1

(. Performance (I FPGA Target Platform
I 1

: 1 (I

] | I 1

’ A \
' |
1

! Automated Design :
I 1
: I
: 1
: 1
I 1
: I
| 1

Network Hardware
\ Mapping

[ supplied by !

'\ Deep Learning Expert

fpgaConvNet
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Under the hood: Convolutional Neural Networks (GonuNets)

convolution pooling  convolution pooling
+ nonlinearity + nonlinearity

C3: t maps 16§ 10=1D
C1; fealure maps 4 I maps 16855

r

Full eoarissciice Gaustian comneclions
Convadlulicns Sul brsamgling Convolubams SubEamipling Full conneclion

e ConvNet Inference

— Tailored to images and data with spatial patterns

— Built as a sequence of layers (Convolutional, Nonlinearity and Pooling Layer)

— Feedforward Operation T A e S L s, :
Multipledot {: Nonlinear | : Maxoraverage

— Inherently streaming i products i Operator i i inavector

------------------------------------------------------------------------------------------------------
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fngaConuNet - Streaming Architecture for CNNs

Incaption-wd
i Inception-«3 Brshiet-152
CNN Hardware SDF Graph & g & o
E 0 4 na Reshet-18 @
Ngggn > V%Illf(ljr;%v —»  Pool Unit —P V%’llﬁ];%v —» Fork ————p Eu':- EMit ot ik
'g 9 Bu-nn
Nggﬂn > V%rllf(ljr;%\, % Pool Unit —» \/%71111—(1]:1];%,, > Fork ) " g M 35M &5M a5M 125M 155M
BN-Adaxhet
Sliding g Ngﬁﬂn —» V%Illfér;%v —»  Pool Unit — V%’l]l:l]:i]:)%/ —» Fok ——» 'n@
Window Y 3w % % m wm %
Crparations [G-Ops)
it > Window ] PoolUnit —> S — ok ——»
Design Space
6 _
o 2 7 FPGA1L ¢
Complex Model=> Bottlenecks: 34 |
Limited compute resources 'go 3 | ¢ gu”e“t Design
. . . oint
Limited on-chip memory capacity for model parameters 22 FPGA 2
Limited off-chip memory bandwidth =1
0 | )
0 5 10
-------------------------------------------- " Resources

' Define a set of graph transformations to traverse the
: design space in fast and principled way
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Transformations 18 2: Goarse- and fine-grained Folding

Sliding
@—> Window Honc

y 2 Convolutions/cycle

Nonlin Sliding - . . Sliding
Unit Window *| Pool Unit Window g O
Nonlin Sliding . . ,  Sliding R
> Unit Window * Pool Unit Window Fork

A

_________________________________

________________________________

Compute Resources l

Transformation 2

Required Bandwidth l
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Transformation 3: Graph Partitioning with Reconfiguration

. 2x2 Max Pool )

7x7 Conv, 16

l

RelLU

!

2x2 Max Pool

5x5 Conv, 64

l

RelLU

!

\1’

_l,

: 1) Exceeding the available

I compute resources

___________

Conv Layer 1
K: 7x7

S: 1
Nout: 16

Nonlin Layer 1
Type: RelLU
Nout: 16

___________________________________

| | |
 2) Notenoughon-chip +__,i FpGA Reconfiguration
I memory capacity |

___________________________________

Pool Layer 1
P: 2x2

S:2

Nout: 16

Conv Layer 2
K: 5x5

S: 1
Nout: 64

Nonlin Layer 2
Type: RelLU
Nout: 64

Pool Layer 2
P: 2x2

S: 2

Nout: 64

Conv Layer 3
K: 3x3

S:1

Nout: 245

Nonlin Layer 3
Type: RelLU
Nout: 256
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Transformation 4: Weights Reloading

Pool Layer 1
P: 2x2
S:2

Conv Layer 1
K: 7x7
S:1
Nout: 16

Nonlin Layer 1
Type: RelLU
Nout .18

Input Data

| 7x7 ConV, 16 \| Ef);)\(/sLayerZ _Il\_l;;IinRLT_{Jerz E?g)l(lz.ayerz
1 : e: Re :
1 : WOI'kload 1 [S\]olut; 64 Nout: 64 e
1 1
: RelLU : Ef)g)\(/sLayed Nonlin Layer 3
! ' Type: Rel
" o) ng Pool ’: Workload 2 SN:olut: o5 N?ut: 256U
\ 7/
P 2 N
' 5x5Conv, 64 | Workload 3
1
l , !
: RelLU : :""'"'"'""'"''--?---——--———-—---—---—---I
| ! . Generated Reference Architecture !
1 y 1
\_ 2x2MaxPool ! :
LT R Z i | Convolution Nonlinear Poolin !
v » Input I & '
f 3x3 Conv, 256 | Data ! Bank Bank Bank ;
| ' ; ' | max K: 7x7 Type: RelLU max P: 2x2 ;
: RelU ; | |
1 1
|
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* Synchronous Dataflow Modelling
— Capture hardware mappings as matrices
— Transformations as algebraic operations
— Analytical performance model

— Cast design space exploration
as a mathematical optimisation problem
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0 0 0 4 -4 0 0
0 0 0 0 4 -4 0
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Meeting the performance requirements

200 - - ¥ .
i AlexNat T
Lellal-5 balh phinis— ; ' ’ ' '
« CIFAR-10 i ﬂm S
oPr | e wCIFAR-0 VGGIE
§ L = gea bk B ¥ ScaneLabel CNN,
3 CIFAR-10 e -
S 2 o e i .
5 100 - Sign Recogn CNN_ = ™
% % 100 LS ’--d___d__--";!i;gn Recagn CHN
£ £ sof et : -
= =0 -
'J.:' ¥ Throwughput-diven Mode
Scene Label CHN ®  Latency-drwen Mode
0 i i i i i
0 - ; - - ¢ 02 04 08 OB 1T 12 14 16 18 2
g 0.2 0.4 0.% 0.8 Latency (s} (batch size = 1)

Latency (s) (batch size = 1)
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Challenge #2: Multi-CNN Systems — Autonomous Drones

—'_'m-‘- Camera

(%]

=z

=

@)

(T

o

)

Q

(9p)]

: . Semantic .. - :
Object Detection _ Navigation Monitoring Domain Task
Segmentation
1 Mapping?
= _

8 S

B

S DSP

30
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Challenge #2: Multi-DNN System

—— o

———————————

Challenges:

Resource allocation among CNNs

Design automation

Models with different performance constraints,
e.g. required throughput and latency
Competing for the same pool of resources
High-dimensional design space

—— o o —

v

— o - - —

Lntelligent Digital Systems Lab

Per-CNN
Performance
Requirements

o - —— o ———

Optimised
Mapping

N e e o =

—— o —

Target Platform
Specifications

—_—— o = o

L e el e

A

{ suppliedby

Deep Learning Expert

I
\



Imperial College Lntelligent Digital Systems (ab

A

Key characteristics

e Latency is relevant: Reconfiguration is not an option

* One hardware engine per CNN — highly customisable
 Hardware scheduler to control memory access schedule

FPGA

A

Off-chip Memory

32
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Key characteristics
* One hardware engine per CNN — highly customisable
* Hardware scheduler to control memory access schedule

Parameter

Conv N Pool N Conv N Pool _>Conv

Layer | | Layer| |Layer| |Llayer| |Layer Pipeline structure [;
CNN Enginel Dot-product Unit
Foldin .
| oo Weights Mem. | | — 8 No. of PEs in each
Layer Layer ! i tage NPE, i
CNN Engine 2 = %EB— —
- b
: B
— | v No of MAC operators N
Conv |_| Pool | |Conv | | Pool Weights Mem. | | h ithi op,ij
> - > | i within each PE .
Layer | | Layer Layer Layer \ eights Mem
CNN Engine N
Multi-CNN Hardware | : PE Folding Schedule S
Scheduler ) EPGA Weights Mem. | y

Off-chip Memory

33
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CHN Hardwarea Target Platform i
SDF Model Model !

Proposed Flow ——

v

Individisal
Pareto Curves

¥

Joint Feasible

Multi-CNN D
Hardware Mapping

Hw | Sw Tmpﬂalezll]

e meny———

¥

HLS Files ﬁ

i
#

Memory contention

* Problem 1: Performance model != Actual performance
(scheduler)

* Problem 2: Not full utilization of the memory bandwidth

CNN inference over a stream of inputs
— Cast to a cyclic scheduling problem
— Search for a periodic solution

Optimal ILP scheduler has very high runtimes for large-sized
problems

Develop a heuristic Resource Constrained List Scheduler (RCLS).
Key points:

Scheduler exposed in the engine design optimization process
Introduce slow-down => fine control over bandwidth
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Scheduler + slow downs

Available Memory Bandwidth: 2 GB/s

The effect of slow-tlowns
Scheduler
4 Bandwidth Requirement: 1.5 GB/s )
COX’\7’V7 > RelU b MmAXPOOL
\_ CNN1- Subgraph 1 Exec Time: 0.05 ms )
4 Bandwidth Requirement: 0.25 GB/s )
COX’\S’VS > RelU I MAXPOOL
\ CNN2 - Subgraph 1  Exec Time: 0.025 ms )
4 Bandwidth Requirement: 0.75 GB/s )
CONV
55 —» RelU

-

CNN3 - Subgraph 1 Exec Time: 0.02 ms

2 GB/s

T

v

0.07 ms

time

Bandwidth Requirement: 1.2 GB/s

CONV7
X7

CNN1 - Subgraph 1

RelU P MAXPOOL

Exec Time: 0.062 ms Y,

Bandwidth Requirement: 0.2 GB/s

~

J
\

CO)gVS —+» RelU P> MAX POOL
CNN2 - Subgraph 1 Exec Time: 0.031 ms
Bandwidth Requirement: 0.56 GB/s
CONV
_>
5x5 RelLU

CNNS3 - Subgraph 1 Exec Time: 0.026 ms

(
Slowdown1 1:
0.8x
.
Slowdown2_1:
0.8x ("
I \
(
Slowdown3_1:
0.75x
\_
2 GB/s T

v

»
>

A

0.0625 ms .
time
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Performance-per-Watt: f-CNN* vs. TX1 at 5W

ZFNet [
PilotNet ¥
SceneLabel CNN —
voors
0 5 10 15 20

m f-CNNx (ZC706) (GOp/s/W) m GPU TX1 (GOp/s/W) (5W)

—————————————————————————————————————————————————————————————————————

* Latency-driven scenario = batch size of 1

* Up to 19.09x speedup with an average of
6.85x (geo. mean)

Performance-per-Watt: f-CNN* vs. TX1

ZFNet [
PilotNet "

ScenelLabelCNN F

veeie I

0 5 10 15 20 25 30

m f-CNNx (ZC706) (GOp/s/W)  m GPU TX1(GOp/s/W)

_____________________________________________________________________

* Latency-driven scenario = batch size of 1

* Up to 9.61x speedup with an average of
2.76x (geo. mean)
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sSummary

* Customisation is key, but also a challenge in the design of MAXIMIZE
DNN systems

* We need toolflows to support deployment of DNN on
the embedded space —
* Many choices, high-dimensional space "POOR |

R

EFFICIENCY

* Exposing the hardware capabilities to the algorithm can
lead to performance gains
- Challenging task
- Rethink current approaches to fully utilise the
underlying hardware

customisation
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Accuracy-Time Trade-off for Resnet20 on CIFAR100
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e muppet L "
e random ® ! !
66.01 e static ° o o 33 ' [
00 o & ) | *
4 [ ] ® e —— 3‘0 b |
—_ ° e © [75)
X 655 ° o °, . a
> LX) — 25
® °® i
5 ° = | -
o 65.0 [ ] =8 ED 1 |
- . ° = |
= ° =) i
¢ ° 3 , "
~ 64.5 o 15| !
| —
= ' .
64.0 10 |
t | |
5 . .
63.5 - | I
[ ] I:I i 1 | A I J
1500 2000 2500 3000 3500 4000 4500 5000 0.5 1 1.5 2 2.5 3 3.5

Training Time(s) Power (W)

Object
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Co-optimise topology and hardware architecture

il ™ 'EE-S

S-llﬂ:l'lﬁpﬂl ]_> Search Strategy [ IEE::E:?:: MOde/
""- |

1 Performence ' ! (GCCuraCy)

micasure of &

Il '“_ S E S

Search spm ]—P Search Strategy [ ';;:mf:: HW architecture
- — _ (latency, throughput, resources)

measure of 5
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Adversarial attacks to DNNs and how to prevent them

SPEED
LIMIT ||

e —

Tesla “sees” 85

McAfee Advanced Threat Research (ATR). Feb 2020
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Opportunities at Imperial

* MSc Programmes
* Analogue and Digital Integrated Circuit Design

Applied Machine Learning

Communications and Signal Processing

Control and Optimisations

Future Power Networks

* PhD Programme

 Scholarships available for top students
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