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Why do we need Intelligent Systems (1S)?

Experts do not scale =»we need intelligent
workflows.

What is Intelligence? Compute

The ability of a system to Somain
compute, reason, perceive Expertise
relationships and analogies,

learn from experience, store and Unique
retrieve information from Data
memory, solve problems, classify,
generalize, and adapt to new
environments.

Algorithm

The value chain of intelligent
systems

Al-Chips are ... everywhere

Smart Robots

Bottom Image source:

Machine Translation

4 b ;
Bottom Image source: Bottom Image Source:



https://edition.cnn.com/2014/04/28/tech/innovation/google-self-driving-car/index.html
https://newatlas.com/alphago-defeats-ke-jie-go-victory/49675/#gallery
http://www.missqt.com/google-translate-app-now-supports-instant-voice-and-visual-translations/

Al-Chips are ... everywhere
Self-driving Car

3D LIDAR

Generates a vehicie's local ~ i .
Environment Condition in 30. /
Stereo vision camera The radius is around 100m.
1) Provides distance information

GPS/DGPS/RTK
2) Provides image information

Tracking the location of the
/ ‘vehicle by radio sgnals from
‘sateliites.

MU
Estimating the sef-position by
/ accelerometer, gyro, the magnetc
2 sensor;
Steer-By-Wire

In-wheel motors

0290kwix2

Shaft encoder
Battery x Provides input for the
odometry component

7 20 LIDAR(Front/Rear/side]

Coverage area

Bottom Image source:

4 4
Bottom Image Source:

Al-Chips are ... everywhere

Brain implant allows paralysed monkey to walk

There really is a kind of intelligence inside the spinal cord. We are not just

talking about reflexes that automatically activate muscles. In the spinal cord
there are networks of neurons able to take their own decisions

-Grégoire Courtine-

PARALYSED PRIMATES WALK

A wireless implant bypasses spinal-cord injuries in monkeys,

Neuroscientist, Federal Institute of Technology, Lausanne
enabling them to move their legs.

Wireless information
transfer

IMPLANTABLE
Electrodes [ 3 Imptant

PULSE GENERATOR

Brain
cxrns

1 SPINAL IMPLANT
Y spinal cord

Neuronal

impulse .

Yy

y..

Nature volume539, pages284—288 (10 November 20/16)



https://edition.cnn.com/2014/04/28/tech/innovation/google-self-driving-car/index.html
https://newatlas.com/alphago-defeats-ke-jie-go-victory/49675/#gallery
http://www.missqt.com/google-translate-app-now-supports-instant-voice-and-visual-translations/

Moore’s law is no longer providing more Compute

100,000 S iendams
ol Core 1 4 coven 3.4 Gz oo 153 0119
At v
1o 4 a,
21,
10,000
1000

g

Performance (vs. VAX-11/780)

g Sste sl b 12 2014 2016 2018
19921994 (1980 (1098 Fpaieenen

Source: Norman P. Jouppi, Cliff Young, Nishant Patil, David Patterson, Communications of the ACM, September 2018, Vol. 61 No. 9, Pages 50-59

Moore’s law is no longer providing more compute

End of the Line = 2X/20 years (3%/yr
Amdahl's Law (/6'yea
End of Dennard Scaling => Multicore 2X/3.5 years (23%/year)

CISC 2X/2.5 years RISC 2X/1.5 years
(22%/year) (52%/year)
100,000
=)
2 10,000
:
> 1000
a
>
8
< 100
@
-
10
e

1980 1985 1990 1995 2000 2005 2010 2015

**Dennard scaling: As transistors get smaller their power density stays constant, so that the power consumption stays in proportion
with area: both voltage and current scale (dlownward) with length (WP).




Moore’s law is no longer providing more compute

End of the Line = 2X/20 years (3%/yr)
Amdahl's Law = 2X/6'years (12%/year)
End of Dennard Scaling = Multicore 2X/3.5 years (23%/year)

CISC 2X/2.5 years RISC 2X/1.5 years
(22%/year) (52%/year)

Major improvements in cost-
energy-performance must now

come from
domain-specific hardware.

1980 1985 1990 1995 2000 2005 2010 2015

**Dennard scaling: As transistors get smaller their power density stays constant, so that the power consumption stays in proportion
with area: both voltage and current scale (downward) with length (WP).

DNN Compute Requirements is SteadilyGrowing

Top-5 error n/a 16.4 7.4 6.7 53
Input Size 28x28 227x227 224x224 224x224 224x224
# of CONV Layers 2 5 16 21 (depth) 49
Filter Sizes 5 3,511 3 1,3,5 7 1,37
# of Channels 1,6 3-256 3-512 3-1024 3-2048
# of Filters 6, 16 96 - 384 64 - 512 64 - 384 64 - 2048
Stride 1 1,4 1 1,2 1,2

# of Weights 2.6k 2.3M 14.7M 6.0M 23.5M
# of MACs 283k 666M 15.3G 1.43G 3.86G
# of FC layers 2 3 3 1 1

# of Weights 58k 58.6M 124M 1M 2M

# of MACs 58k 58.6M 124M 1™ 2M

Total Weights 60k 61M 138M M 25.5M
Total MACs 341k 724M 15.5G 1.43G 3.9G

Source: Joel Emer, ISCA Tutorial, 2017




What does it mean ?

Exponential
End Of + Increase in — Needs New
Moore’s Compute — Approach
Law Requirements

Current State of the Art in Neural Algorithms HW Computing

Hardware J
Domain-specific J General-purpose J
Programmabl Fixed Latency Throughput
logic logic oriented oriented
FPGA [ ASIC j CPU GPU
« General; +  Specific: executes STDP o (Mosli geneiEl; Gomimen [P e
. . . languages
requires HDL « HP & efficiency .
. Lowest power efficiency and

« Moderate » Expensive, 40MB local performance

performance & RO (2T e Memory separate from chip

efficiency TrueNorth

Example: Google deep learning stddy




Current State of the Art in Neural Algorithms HW Computing

Hardware J
Domain-specific J General-purposej
Programmable Fixed Latency Throughput
logic logic oriented oriented
| FPGA - AsIC | U | GPU
« General; + Specific: executes STDP * Most general; common programming
X .. languages
requires HDL » HP & efficiency -
. Lowest power efficiency and
« Moderate * Expensive, 40MB local performance
performance & ETTEY [T Jeh Memory separate from chip
efficiency TrueNorth

Example: Google deep learning stddy

Current State of the Art in Neural Algorithms HW Computing

Current Hardware J
Industry
Focus,
Romain-specific J General- pum:ose

Programmabl Latensy Throughput

logic ori¢nted 0r1ented
CPU GPU

« General; Most general; common programming

E |
requires HR =Rl N

Lowest power efficiency and
5 performance

Memory separate from chip
Example: Google deep learning stddy
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Four Main Factors in Promoting Al/Al HW
Strong Gov. & Industry

Engagements 6” ‘.}

Image:kdnuggets.com

Al algorithms Industrial
. Revolution Image: kdnuggets.com
are being
applied to
nearly
everything
we do.
@0, o

AL A
s O 3 &)
99, @ J CJ

: s s~ Larger data sets and

b models lead to better

_accuracy but also More compute means new solutions to
increase the previously intractable problems, i.e. GO
computation time

Image:



https://spectrum.ieee.org/tech-talk/semiconductors/processors/efinixs-programmable-chips-could-push-ai-out-to-the-edges
https://www.sas.com/de_de/news/press-releases/2016/november/pm161124.html

Hardware & Data Enable DNNs

Al model performance scales with dataset size and
the # of model parameters, thus necessitating more
compute.

IMAGE RECOGNITION SPEECH RECOGNITION

.S

e

8 layers
1.4 GFLOP

-16% Error
2012 2015 2014 2015
AlexNet ResNet Deep Speech 1 Deep Speech 2
) .00.
Microsoft Baidh&E

Dally, NIPS’2016 workshop on Efficient Methods for Deep Neural Networks

Al HW is inspired by Nature — Biological neuron

i sadfrom

° ° ° £
Al Chips and systems are inspired .. imor




Al HW is inspired by Nature — Biological neuron

Al Chips and systems are inspired by
biology @ parallel computation.

Latest digital DL processors:
~10TOPS/W

% # of neurons: ~10"
% # of synapses: ~10%5
% Power consumption: ~ 20 W;

% Operating frequency: 10~100 Hz

Synapse op. in brain: 0.1~1 fJ/op
1,000~10,000 TOPS/W
=1~10 POPS/W

<+ Works in parallel: 10° parallelism vs. <10!

for PC (VN)

% Faster than current computers: i.e.
simulation of a 5 s brain activity takes
~500 s on state-of-the- art supercomputer
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Different approaches to Al Chips

Poor/Simple Good/Complex

—

Izhikevich  Huxley-Hodgkin

Neuron Digital, Analog. LIF. model model
MAC o Many
. Spikin :
Synapse (weighted . pISITgDP nonlinear
. sum) properties

Generally Used in DL algorithms

Frequency 10~100 Hz (brain)

Current Al Chip = Accelerator/Co-processor

Program Code

I
I _>
I
—
0 V ] Rest of Sequential
CPU Code
Compute-Intensive | | [
GPU Functions I CPU

Use GPU to ]

Parallelize I
I —
|
| I

g J
Y

Acceleration with GPU




Accelerator Characteristics

CPU TPU
Memory
subsystem
Y
L1l L1D[L11]|
implicitly managed explicitly managed
EEEE EEEE
HEN EEEN
Compute EmEm EmEm
primitives anEm T BN EEEm
. == SEEEEEEE mEmE
scalar vector tensor
Data (I (D (T
type fp32 fpleé intsg

[Ref 3]

...Deep Leering Is considered as a
sophisticated “rocket’’ of Machine Learning!!

gl v i TRAINING INPUT FIRST LAYER HI.NEI lAVER ToP MVEH oUTPUT
N

- Duringtheyining phess & An urlateled
reusst retwrkls o housancs image is shown to todifferent si ® more mmp! gy predicts what
of isbeled images of varia. the pretrained Shapas, e e mpex strct the object
network. most li s

snimals, leai 1qmuass1fy them mm.,,m,m m;cuong.ngns.
E %\ /9‘0 o &
v ¥, o6 @

1. “Deep Learning” means using a neural network
with several layers of nodes between input & output

2. the series of layers between input & output do
feature identification and processing in a series of
stages, just as our brains seem to.




Examplel: Handwriting Digit Recognition on FPGA

Input

The image

is “2”

16 x 16 = 256 , ,
Ik — 1 Each dimension
. represents the confidence
No ink — 0 .
of a digit.

Example2: Character Recognition on FPGA

. Character Recognition with BP training
Implementation of detecting 16  Device: EP2C35F672C6
patterns from 16 inputs with BP. Fam”y CYC'OHEZ

Synthesis: Quartus2 13.1

Table 1 : ANN Performance Evaluation

ALUs Registers Pins Fmax
10,989 (33%) | 5,814 (18%) 432 (89%) 76.02 MHz
Memory DSP Block Power Consumption
4,956 (1%) 54 (77%) 286.84 mW
9| 10| u 12 3 . e |
13 (14 |15 | 16 /

‘O’ letter i




The are two Al Chip Models: ANN and SNN

* The output of ANN Chip depends only on the current stimuli, the
output of SNN depends on previous stimuli also

* The SNN/Neuromorphic Chip operates on biology-inspired
principles to improve performance and increase energy efficiency

Izhikevich  Huxley-Hodgkin

Neuron Digital, Analog. LIF. model model
MAC " Many
. Spikin :
Synapse (weighted . : ST?I)P nonlinear
. sum) properties

Generally Used in DL algorithms

Frequency 10~100 Hz (brain)

Memristor for Synapse Design

(Chua, 1971) B i Biological synapses are dense — the cortex

/ \ needs roughly 10'° synapses/cm

/
The electrical ("
resistor is not
constant but wmristor
depends on the —
history of
current that had
previously
flowed through
the device.

“Voltage pulses can be applied to a memristor to change its
resistance, just as spikes can be applied to a synapse to
change its weight.




How biological neurons learn?
Brain is a large network of neurons connected and
communicating via synapses
=7 \
‘f 3 "# /| )34 2 : t

How biological neurons learn?

» Learning rules based on STDP specify changes in synaptic
strength depending on the time interval between each pair of
presynaptic and postsynaptic events.

£
(a) (b) 5 :
«— > g _—
&
A 5 o
[&] o o
1 P I s H_ o
w i) 5 fan)
£t 2 . tto ¢
input target :é’ | "
8 2
Atpm_m(ms)

Spike-timing-dependent plasticity (STDP)

 If the presynaptic neuron fire before the postsynaptic neuron within
a preceding 2oms, LTP occurs

 If the presynaptic neuron fire after the postsynaptic neuron within
the following 20ms, LTD occurs




Spiking Neuron Model

Spike Response Model
B i

1 u o4
J Etatg af neuton.d 19

spike emission . (t t'\ )

Spike reception: EPSP

g(t —tf)

Spike reception: EPSP

Spike emission: AP

T O
ﬂ(t—l‘f)

reset of the
/ membrang potential
ui (t) _ (actlgmpo mlal) E E W 8 t zf)

ui(t)—19:> F1r1ng. l‘; =1

Spiking Neuron Model- Molecular Basis

s0ma

action .
potential’,

| ms

lons/proteins




Hodgkin-Huxley Model

Outside the cell

) ’ . inside
\ : \ ° Ka
] X(S.6 I\ e XN, a
T I { I ] \K
lon channels
lon pump outside
Inside the cell
"I 23 Action potential
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Wiring via AER (Address Event Representation)

|
3
Address Event Bus 2
1y g
3212 (D\32 A 4 4
Inputs v
i Outputs
Source Destination
Chip Chip

Address-Event
representation of
action potential

% AER is an asynchronous handshaking protocol used to transmit signals
between neuromorphic systems.

Action Potential

NN Training Works with Low-precision FP

fp32: Single-precision IEEE Floating Point Format

Exponent: 8 bits Mantissa (Significand): 23 bits

EEEEEEEEMMMMMMMMMMMMMMMMMMMMMMM

Range: (10"-45) to (10"38)

fpl16: Half-precision IEEE Floating Point Format

Exponent: 5 bits Mantissa (Significand): 10 bits

Bceccccmvvmmvmvmmvmmm Range: 10°-8 to 65504

+ Represent the same range of
numbers of fp32 just at a much
lower position.

- +» It turns out that we don’t need

E € E E € E E E NN all that precision for NN

training, but we do actually

need all the range.

bfloat1l6: Brain Floating Point Format

Exponent: 8 bits Mantissa (Significand): 7 bits

Range: (10"-45) to (10"38)
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LIF Neuro-core for NASH System

LIF Neuro-core ;
N x.(t)l 8b Si —
Architecture . g o
* Xi(t) — Spike input to the
Synaptic synapse
Vi(t-1) Integration -« Sj — synaptic weight
8b * Vj(t) — Membrane potential
J( - * aj — Neuron threshold
. Bb8bq N Leak + /\j— Leak value
VJS(:)) Integration Table 1: Area Evaluation
aj Cell Internal Power 6.9680 pW 20.5040 uwW
h hold Net Switching Power ~ 4.8271 pW 14.8272 pyW
Threshold, Fire .
' and Reset Total Dynamic Power  11.7950 pyW  35.3312 uW
Cell Leakage Power 4.6943 pW 14.3147 pW

Table 1: Power Evaluation

Combinational Area  186.998 um 562.856001 pm
Placement of LIF- ———, 47.88002 713864000 um
IN (Left) and LIF- on-tomb Area i el i

4N (right) Total Cell Area 234.878002 ym 776720001 pm

LIF-1IN-012018-KS LIF-4N-012018-KS

Kanta Suztki, Yuichi Okuyama, Abderazek Ben Abdallah, "Hardware Design of a Leaky Integrate and Fire Neuron Core Towards the Design of a Low-power Neuro
inspired Spike-based Multicore SoC”, Proc. Of IPSJ, 2018




_ _ Application | o
Neuro-inspired Hardware System for Image Recognition

[Execution time]

16 5190000

[ 32bits

25 B,
., Procesing it

2000.00

as2.00

[ERTr p—)

a0|

Aceuracy (%)

an|

The H Vi (BigComp-2018)

The H. Vu, Ryunosuke Murakami, Yuichi Okuyama, Abderazek Ben Abdallah, "Efficient Optimization and Hardware Acceleration of CNNs towards the
Design of a Scalable Neuro-inspired Architecture in Hardware”, Proc. of the IEEE International Conference on Big Data and Smart Computing
(BigComp-2018), January 15-18, 2018

_ _ Application I _
Neuro-inspired Hardware System for Autonomous Vehicles

CNN

P e

!

FPGA

Camera [::> Region Proposal :> Classification ¢

Accuracy: 98.34%

) — lcaton
o a om o om0 ws e us 2k
tpochs
Detection
m Drive
Controller
Green

Table 1 : ANN Performance Evaluation

[ ALUs | Registers | Pins [ Fmax |
[ 10,989 (33%) | 5814 (18%) | 132 (89%) [ 76.02 Mz |
[ Memory [ DSP Block | Power Consumption | |
[(495%6 (%) | 54(77%) | 28684 mwW | |

* Yuji Murakami, " Design of a Neural Network Architecture for Traffic Light Detection Towards Autonomous Driving Vehicles," Master's Thesis, Graduate School of
Computer Science and Engineering, The University of Aizu, 3/2019

*  Yuji Murakami, Yuichi Okuyama, Abderazek Ben Abdallah, "SRAM Based Neural Network System for Traffic-Light Recognition in Autonomous Vehicles”, Information
Processing Society Tohoku Branch Conference, Feb. 10, 2018




Demo

Application IlI
Neuro-inspired System for Wild Animals Monitoring

Camera Recognition system i

Infrared I’. FPGA

sensor y
) - Preprocess -
Monitor farm imbge | Selective search classify

. resize

Recognize
target

' Speaker
\/]

When the target is recognized

Defense is triggered! ‘
4 #8: TRich feature hierarchies for accurate object
detection and semantic segmentation
Fig 4. System overview: OASIS FMS-1 o E——
. — testemor
B‘ : ¢
E » Best test accuracy: 92.647
Full
Input Conv1 ully-connect
.

h
Fig 6 Leargr?\?fg result

Fig 3. CNN example

Ryunosuke Murakami, Yuichi Okuyama, Abderazek Ben Abdallah, "Animal Recognition and Identification with Deep Convolutional Neural Networks for Farm
Monitoring”, Information Processing Society Tohoku Branch Conference, Feb. 10, 2018




Application IV

_Brain-inspired Drone Control with BCI

Flight navigation logic (in C++/Python)

Emotiv Parrot ARDrone Other librari
community SDK SDK. i
facialcommand | 5o control Spiking neurons
Mental command et

Video inputs Neural networks
Raw EEG
oy Sensor inputs SLAM (mapping)

S = B

Brain to Brain drone system

SNNs

Numerical computation with

NASH: Low-power Event-driven Adaptive Neuromorphic
System for Autonomous Cognitive Behaviour

Input data
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(c)

Fig. 5: System architecture: (a) 3DNoC-SNN organization, (b) Multicast

router architecture (MC-3DR), (c) Spiking neuron processing core (SNPC).

EEEEaE 000

¥
3D-NoC layers

w @ @ o

Active  Centroid  Inactive

Layer-to-layer application mapping: (a) block diagram
of a node in each layer, where each node composes
of a spike generator/counter (SGC) and a router, (b)
for the Inverted pendulum application: neurons in SNN
(left-side) are mapped onto the proposed system in a

layer-to-layer manner, (c) mapping
method for Wisconsin data-set

The H. Vu, Abderazek Ben Abdallah, "Comprehensive Analytic Performance Assessment and Low-latency Algorithm for Spike Traffic Ronting

in 3D-NoC of Spiking Neurons (3DNOC-SNN)", ACM Journal on. Emerging Technologies in Computing (JETC), ( to appear)




NASH: Low-power Event-driven Adaptive Neuromorphic
System for Autonomous Cognitive Behaviour
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Average latency evaluation and comparison over various SIRSs.

Conclusions

+«* Memory access in Al-Chip is the bottleneck

Worst case: ALL memory R/W are DRAM accesses

Ex. AlexNet [NIPS 2012] has 724M MACs - 2896M DRAM
accesses required

Possible HW/SW techniques to cope with the memory access
problem:

“+Advanced Storage Technology
v" Embedded DRAM (eDRAM) -> Increase on-chip storage capacity
v 3D Stacked DRAM -> Increase memory bandwidth
v Use memristors as programmable weights (resistance)
“*Reduce size of operands for storage/compute
v" Floating point - Fixed point
v' Bit-width reduction
“*Reduce number of operations for storage/compute
v Network Pruning; Compact Network Architectures




Thank you!

Ben Abdallah Abderazek
Adaptive Systems Laboratory

benab@u-aizu.ac.jp

to Advance Knowledge for Humanity




