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for (3=0; j<M; j++){
for (i=0; i<N; i++){
Y[3j] += W[i] * X[i];
}
}
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« Masters at TU/e
« PhD work at TU/e

* Thesis work with Henk Corporaal
« Improving the Efficiency of Deep Convolutional Networks
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* Research Scientist at FEl Company
« Electron Microscopy Imaging Challenges
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Biological Neural Networks
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Perceptron Model (1957)

* Feed forward processing
- Tuning the weights by learning "

* Non-linear separability (1969) A‘“AA&A Class,
A
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Multi Layer Perceptron (1979)

* Training is done by error back-propagation
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Optimization Through Gradient Descent (1)

Collect annotated data
Define model and initialize randomly

Predict based on current model
* In neural network jargon “forward propagation”

Evaluate predictions
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Optimization Through Gradient Descent (2)

- Use the derivative of the error to optimize:
0t+1 — Gt — T]tVQ L
 The most important component is the gradient

 Then update the parameters in the negative direction
of the gradient
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Optimization Through Gradient Descent (3)

* Follow the path towards local minima in the parameter space

+ Stochastic Gradient Descent

« Every random sample update the parameter space

Loss surface /
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Generalization

Take an abstract representation

Add detalls

Add to many details

A common problem in Machine Learning problems

Under fitting Good generalization Over fitting
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Data is Everywhere
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Large Scale Visual Recognition Challenge

- IMAGENET 2012 Classification

* Many training samples: 1,281,167
 Large number of classes: 1000
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The Hype Curve of Neural Networks
14
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Deep Big Neural Networks
15

- Deep Big Neural networks outperform SVM
 Complex models with over 10 billion parameters
« Unreasonably effective at classification tasks
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The unreasonable effectiveness of deep networks

- Big data everywhere
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e NSA, Government, Banks
« Moore’s law
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Trends in Deep Learning
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Example of a large network trained by Google

- 10 Billion free parameters
« Trained on many millions of YouTube videos
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Performance scaling is slowing down
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Classification: Face detection
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Intelligent Vision Applications

- Emerging field of research
* Applications in many domains
- Examples: Security, Industrial, Medical, Automotive
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Classical recognition systems are stupid

Design is based on knowledge of the task
Carefully tuned pipeline of algorithms
Really complex for real world problems
Design must be redone if the task changes
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Train a Neural Network for the task

* Focus on data instead of algorithm complexity

—

)

Background images hard to suppress Random background image patches
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Biologically inspired object recognition

« Convolutional Neural Network
A deep and big neural network
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University of Technology
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Speed Sign Detection and Recognition
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Advantage of flexibility

Extend existing trained network

Add new road signs and restart training
New weight file is new functionality
Send new weight file to users (100 KB)
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Major road detection
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What can these NN further do
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Approximation
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Function Approximation

- Stock market prediction: Black Scholes

Stock symbol

zearch:

“GSPC

zelect:

-05 2011-05 2011-06  2011-0F  2011-07  2011-05  2011-05  2011-09  2011-10 date
chart scale
¢ | =
Open today minus Close yesterday A | | Forecast | [ use allindicators back-testing deviation: 20111010 021%  $1161.00 &
Ozcillator, 10 W [_] 200711011 048%  $1.06409
Dscillator, 21 rank ist 20M-10:12  052%  $1.16456
F'-ral:u:llil:: So8 [price minus) 20111013 1.08%  $1.17075
Price Envelopes 201711014 094%  $1.169.50
Price Walurne Trend M b/

Technische Universiteit
e Eindhoven
7-6-2017 University of Technology



Placement Optimization

* Chip routing: Canneal
* Minimize wire length
- Hopfield Neural Network 4

Slinlflcantly reduLd ‘
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Technology Constraints
34

 Dark Silicon
 Defect tolerance
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Dark Silicon

* What t
O : :
. o do with chips that are
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Energy Efficiency

Super ébmputer (K computer, Fujitsu)
8.2 billion Megaflops => 9.9 million watts
~ 800 Megaflops / watt

IPad 2
170 Megaflops => 2.5 watts
~ 68 Megaflops / watt

Human Brain
2.2 billion Megaops => 20 watts

~ 110 Teraops / watt TU / e Technische Universitl

University of Technology
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Toward Heterogeneous Systems
37

Flexibility
« Efficient accelerators
CPU

* Multi-purpose ASICs

GPU
/ « ANN iIs a candidate

» Flexible functionality

*FPGA e State-of-the-art results
 Parallelism
ASIP

ASIC

Efficiency
/ Technische Universiteit
I U e Eindhoven
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Developing ANN Accelerators
38

for i = 1:N
Y[i] = Bias|[i] = b. + X, - \W.
for X — 1.x Y, §D(| Zk ik

Y[i] += X[k] * W[i] [k]
Y[i] = Sigmoid(Y[i])

Inputs
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Time-Multiplexed Accelerator
39

for i = 1:N
Y[i] = Bias[i] Yi zgp(bi + 2% 'Wikj
for k = 1:K ‘
Y[i] += X[k] * W[i] [k] (D(V)Z 1
Y[i] = Sigmoid(Y[i]) 1+exp(-a-X)

- Load Bias

« X[1:N] =

« WI[i][1] = Bias[i]
 Perform MACC

. . Y \
« Sigmoid Output
* Approximate Hidden | Weights
Neurons ] o o o
| b 4 4 4
Mer;'lory Iinuts
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Analog Intel ETANN 1990

» Electrically Trainable Analog Neural Network

PROGRAM ADDRESS
MODE INPUTS YOLTAGES INPUTS
CTTooT %' i A 1 Analog Gilbert-
Hold =7 [vooe courwar HV ADDRESS | MUltlleer Circuits
LOGIC Switching BUFFERS i
Reseti D‘.—— I 7 . |
Bias | )
“oe | tput T i Weights stored as
Hol ynapse r.ra E E .
= % ¢ Ppnapse Armay : | Electrical Charge
[ i .
_ "“_’“Dl—"—_ Bias € , on floating gates
Sum differential i [emere]| | Feedback :
Buffers 3 Synapse Arra
currents from | = vois JT 0 x 4 .
synapses and ' b oy e
ANALOG 1/64
convert to voltage SRS Mux .
Clock 1 s | .:ggl&m}“
Resetf [y ' o Tea) PERTURE THPUT
' A npoms s
Analog sigmoid ° — ol | e
. . . Output ’ QUTPUT
activation function Buffers
1 ]
Lo e - —_ — e e - — e 1
H64 é é 64 Analog
Viefo  Vgain Outputs Enable
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Digital Implementation

« Sigmoid Function g'g"""?

 Look Up Table
« Use linear approximation

‘ \
X)~Db +a -X Output
gp( ) ' | Hidden | Weights
Neurons | o o o
| - } } 3
Merﬁory Inputs
« SIMD Multiply Accumulate
. A b
WEIghtS PE; PE; PE; PEs — — - PEe1| |PEsz| |PEsz| |PEgs| ! LUT f(x)
G T et B ]
Hidden I
I | X

| | X (input)
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SIMD design Adaptive Solutions N64000

Sequencer N64000 Chip N64000 Chip
| Bi Qutbus |
4 InterPN
~ PNO PN1 fe— 02— PNG3 PN64

Qutbus |
4 InterPN

Register File Local Memory | 12 Local Memory
(32 x 16 bits) | | Address Unit | © 4 kbytes

< Output Unit

Input Unit

A

Multiplier

IIII’{IIIIIIIIIIIII IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIPII\IIICIIWI*
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Conversion to vector operations

x[1]
x[2]
x[3]
x«[4]
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Systolic Matrix Multiplication
44

- Siemens MA16
« High efficiency

7-6-2017

* Low flexibility

N x2,2
Alignments X2,1 X12
in time
L X1,1
- ¥ ’
»1,1*W1,1
W1,2 W11
W22 W21 .
T=1
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A
n example research accelerator

A Dynamically
Convolu

Srimat Chakradhar, Murugan Sankaradas,
NEC Laborato
4 \ndependence

{chak, murugs, jakkul

Configurable Co
tional Neural Networks

Venkata Ja
ries America, Inc.

Way, Princeton N
a, cadambi}@nec—labs.com

processor for

kkula and Srihari Cadambi

J 08540.

kxk Partial sums _| Adder NON-
5 NON-
Conv Stage UNEAR |—>| SUB DATA OUT
Ol\fer g FUNC SAMPLER > LII:NEAR ? BUS
UNC reaming
Y
I :Blasf PNon-li A A Dl‘-ltpm
I ! \ggregation on-linear | i Pixels
I Tdata in ___.!function : I
I 1 i IWEights :Nfon—linear
| unction
1
1
CONTROL o e el

T

Sub-sampling weights
Bias

Non-linear functions
Aggregate data-in
Kernel values

MODE
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Systolic 2D Convolution

Ported

BRAM:s)
Image
Row
h+K

LOAD
FROM
OFF-CHIP

7-6-2017

K2+ K DSP units chained
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Convolutional Neural Network

 Data reuse

C S,
feature maps feature maps
C, S, 10 x 10 5x5 Ny
input feature maps feature maps
32 x 32 28 x 28 14 x 14

e .
‘(ﬁ -~

A

¥ \ O—> 80

- 5 b O—» 90

1S3 100

5%5 ™ i . 1x1
convolution BT 2y2 T convolution

subsampling

convolution subsampling :
convolution
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Reduce Memory Accesses

« Configurable Number of Input Maps
- Configurable Number of Output Maps

Select Signala

vi—f P~ [~

2 _ - X1
no P o G
4]

NL |+ s2 | HL [_.m

Input Switch
bﬁ
Output Switch
: -
+
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Is It worth the effort?

. DC-CNN @ 120 Mhz
Multicore GPU 20 conv., 128-bit port Speedup of DC-CNN
CNN (Xeon@ | (C870@ | CNP width, PCI
(640 x 480 pixels 2.33 Ghz, 1.35 Ghz, (FPGA ’
input image) 8 Cores, 1.5GB @200
16 GB) RAM) | MH2) | Compute | Transfer | ‘o % | Over L35GHz | Over
BLAS PCle time time ’ 128-core GPU | CNP
core

Automotive Safety 110 ms 85 ms - 13 ms 11 ms 8.5x 6.5x -

Video Surveillance 212 ms 163 ms - 27 ms 34 ms 7.8x 6.0x -

Face Recognition 217 ms 167 ms - 42 ms 11 ms 5.2x 4.0x -
Mobile Robot Vision 147 ms 114 ms 100 ms 21 ms 11 ms 7.0x 5.4x 4.8x

Face Detection 136 ms 105 ms - 24 ms 11 ms 5.7x 4.4x -

E . -
LN > .
-
-

More important th

energy efficiency

P
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e Eindhoven
University of Technology

7-6-2017



More Flexibility and Better Memory Behaviour?

1
1 |

- N . _ -
t of arindra. o U U UL T S S SR
Depaﬂmen eme —

Email: m.cJ-P€

1

Abstrac
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The performance bottleneck

Huge data transfer requirements (3.4 billion per layer)
- Exploit data reuse with local memories

0 .
I 1 1 1 I 1 1 1 I 1 1 1 1 I 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Energy for Data Transfer [J]

Memory BW [t 3 MB Cache —

1 09 GBIS T U/ Technische Universiteit
Eindhoven
7-6-2017 e University of Technology




Accelerator Template

* FPGA prototyping platform: Xilinx Virtex 6
« Designed with Vivado High Level Synthesis (HLS)

in_img —
acc >
weight — * A
bias—
out_img——

———————————————————————————————— '-._T————————————-‘f———————————l
; Fsts | | ’
Micre3laze | ' ™% | MACC PE  MACC PE :
| . |
| . > "M8 7 maccPE MACC PE |

! In .
: : .} iyl > Weight —> MACCPE  MACC PE
| |
| L 3] bias |—» MACCPE MACCPE i
| 1 | |
| L MACC PE . MACC PE !
< — <— out_img —> :
U B Out ﬁ_ :
¢ i Ctrl Activation Select «—
| < LUT <€ saturate :
DDR i :
|

__________________________________________________
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Programmable Buffers

Image

Coefficients

@ddr select wr>
Xo BRAM (—"BE -
2 X1 BRAM SPE — x| |2
3 X; BRAM 5 —M pE £ E >
X3 BRAM = o0 Output
H 3: . —PE Z FSLs
Input Caddr select rd> T v—>
FSLs -
(addr select wr> ogt-lmg BRA'M
E— weight' BRAM @ddr select rd/wD

(addr sc;_lect rd>

7-6-2017
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Programmable Buffers

buffer address
00 ! 01 102 - 8182 B"@,XOLXOLXO?D

"Xeo s (Xeg Xo0 'Xo4, Xo8 X10 X14 X18 { Xo1, X02, Xo3, Xoa
Xs1| Xs5( X5 | [t X01: Xos Xo9 X11 X15 X19 Xop, o3, Xou, X05>
Xoy | Xsg | - - EXO ; Xog oy % <Xo3, Xo4, Xos, X06>
1 AQ2s - 12 A6 ~~
o I o (Xoa, Xos, X6, Xo7)
SIS oz Xo7 -- X3 X17 —- <X1o, X11, X12, X13>
(addr select wr>
Xo BRAM (BT -
3 X; BRAM 21 PE <« B
E 8 B -} -9 >
o X; BRAM S —M PE j 2
Output
X BRAM = .20
3 - PE Z FSLs
Input Caddr select rd) T v
FSL :
i (addr select wr> out-img BRAM
- 5 weight' BRAM @ddr select rd/wD
(addr select rd>
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What would be the best compute order?

- Small memories have low energy per access

 Area and Latency advantage

- Big memories can exploit more data reuse

for{r=0; r<R; r++){ //output feature map
for(g=0; q<0Q; q++) //input feature map
for(m=0; m<M; m++){ //slide over input
for (n=0; n<N; n++){

if (q==0){Y[r] [m] [n]=Bias[r];}

for (k=0; k<K; k++){ //kernel operation
for(l=0; 1<L; 1++){
Y(r] [m] [n]+=W[r] [q] [k]1[1]1*X[ql] [m+k] [n+1]
}
}
if (q==7){Y[r]l [m] [nl=sigmoid(Y[x][m][nl);}
}
1
}
}
7-6-2017

Layer 3
40 x 173 x 313
RaMxMN
1
Layer 2 |
8% 177 % 317 L

Qx (M+K-1) x [N+L-1) 1 ]
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Improve by locality driven synthesis

. for(r=0; r<R; r++){ //output feature map
 Loop Transformations for(a=o; q<d; qro) //input teaturs map
for (m=0; m<M; m++){ //slide over input

i InterChange for(n=0; n<N; n++)}{

- if (g==0)}{Y[r] [m] [n]=Bias[r];}
i Tlllng for (k=0; k<K; k++){ //kernel operation
for{l=0; 1<L; 1++){

* Reduce reuse distance YCe) 23 a1 -W ) 32 06 (13X G (e

}
if (gq=="){Y[r]l [m] [n]l=sigmoid(Y[r] [m][nl);}
}
}
}

A huge design space! >

Cost
=0; r<R; r++){ //output feature map
(g=03 q<Q; qg++) /i t feat
models q q q inpu eature map

« Use a framework with: R Rt

if (q==0){Y[r] [m] [n]=Bias[r];}

* Reuse detection P T o
° MOdeI utilized reuse N if (q==7){Y[r] [m][n)=sigmoid (¥ [r] [m][n]);}
 Model required buffer size

Optimize for buffer size

Technische Universiteit
e Eindhoven
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Compared to manually optimized order

« Up to 13x resource reduction
- Up to 11x performance increase

16 T---—c-=-- ymmmmmmmn

v G } 0
SR e T T TR R :f
el ] dSp' 1
@ 4 4+-------- R m - e : r
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Memory bandwidth requirements?

Data layout transformation
Bandwidth up to 150 MB/s
Better than an optimized Intel implementation

T - = === =
PR MR S R .
o, I I
v 2 oo N e VT R
E | I
[= 1 4 ==9==acC o0 e R T dooooo- -
c e acC 512 . |
2 0.5 sy aCC 1024 - 2y it o St it |
3 e acC 2048 : TN :
¢ 025 Y ACC 4096 777 et . e @1 i
T = @ = spatial 2048 : : Tee.. | - :
0.125 « == spatial 4096 """~ Siaiainieie S P S L
0.0625 - °°7 compute ! ! ! STt l

1 2 4 8 16 32 64 128 256
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What do we achieve?

Small but flexible accelerators
Up to 13x smaller
Up to 11x faster

- XPower Analyzer 4.5 Watt O
External RAM 0.5 Watt

COURTESY: GOOGL

’ /g
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gh-Throughput Accelerator
ine-Learning

State-of-the-art accelerator o
_Footprint I

DianNao: oot ach
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. D Ninghui Sun
« Split buff B
p I t u e r S fo r B W Tianshi Chen SKL(le, ot China GKLCA.ICT China
SKLCA. 1CT, China
. | I I vunji Chen
P ar t I a ay e r Chensy e e SKLE‘: 1CT. China
Jia Wone SKLCA. 1CT, China ’
‘ h . SKLCA. 1CT, China
Fetch Input neurons
Otivier Temam
’ Taria, France

Fetch synapses

v
> Control Processor (CP)

Instructions
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gh-Throughput Accelerator
ine-Learning

State-of-the-art accelerator s

DianNao: . cous Mach
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Ninghui Sun
Zidong Du SKLCA, ICT, Chind
* Multiply i Cher
SKLCA. {CT, Chind anii Chen
Chengyong Wi GKLCA. ICT. China

* Sum neurons inputs -

SKLCA, 1CT, China

« Backup partial sums s Temam

{nria, France

v
> Control Processor (CP)

~ Instructions

W

adepaju] Al
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The Neuro Vector Engine

Input Bus DataBuffer Reg Op Vector Saturate WBSgm Output Bus
64 bit MACC 64 bit
Write Read w A
7| e | | |
0-3
| | | |
| | | |
| N | |
Wr Rd | IMG | PE | (0] |
» Port Port | » Reg ‘—|—> 0-7 | » Reg [— |
A A | |07 | | 07| ||
Local | | | |
Scratchpad | | | | Sgm
1024x | | | LUT
8 Byte | N | | Programmable
| »
Wr Rd | IMG | PE | (o) |
> Port Port | > Reg | > 815 | » Reg — | SIMD operatlons
B B 8-15 8-15
| | | |
| | | | Deep pipelining
4 | | |
| | | |
|, o | | | ILP
Cheza | | |
| 22 | | | Locality oriented
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NVE Operation

Input Bus DataBuffer Reg Op Vector Saturate WBSgm Output Bus
64 bit MACC 64 bit
Write Read w A
7] Rt | | | .
0-3 o 0co0o000
| | | | o cooo0o0
o 00000
| | | | 0/00io 00 00
| | | | o oco0o000
| |; | | o 00000
wel |Rd) | M = g
> Port Port > Reg T—> 0-7 | o 00000
A A | | 0-7 | | | ° cooo0o0
Local | | | | : :::::
Scratchpad | | | | Sgm o coo0o0o0
1024x | | | LUT ° 60000
8 Byte o 00000
| —> | | o 00000
Wr Rd IMG ° coo0o0o0
> | | | PE | | ) co0o0o0o0
> Port Port |rReg |'8-15 | | 00000000
B B 8-15 060000000
| | | | 00000000
00000000
| | | | 00000000
00000000
00000000
00000000
|"V'G | | | 00000000
|:Reg | | | 00000000
16-22
| | | |
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VLIW Programming Model

Write Local
igh Wr[bl wOwl-], 0 : :
weights | JMbLWOWL] « 3x3 Convolution filter
Wrlw2 w3 w4 -], 1
_ |Pnwe WO w7 WE), 2 - Software Pipelining
prologimg | Wr[c0,i0-i7], 4
Wilco 813), 2 - Steady state 10 cycles
Wr[c0,i16-i17----], 6
Walel jodiz) g « 16 neighboring 3x3 convolutions
Wr[c1,i8-i15], 8 _
Wrlc1,i1617 - ---], 9 * 144 Multiply Accumulate ops
Wr[c2,i0-i7], 10 ) ] .
Wrlc2,i8-i15], 11  Code reuse with instruction buffer
Wr[c2,i16-i17 - - - -], 12
L yy_r_i'gg_l_.p_ga_l_ _______ Read Local _ Reg Operation N EXVMAC ! WBSgm
10 Cveles Ld a 0, [b0 wO-1] Set i3, Shift i0 i1, Shift W MAC,w6, c2 i0
y Ld ab 4 5, [c0,i0-15] Shift i0 i1, Shift W MAC,w7, c2 il
Wr[c3,i0-i7], 4 Ld b 6, [c0,i16-17] Set WO MAC,wS, c2 i2
Ld a1, [w2-4] Seti0 i1, Shift W Set, b0
Ld ab 7 8, [c1,i0-15] Set i3, Shift i0 i1, Shift W MAC, w0, c0i0
Wr[c3,i8-i15], 5 Ld b9, [c1,i16-17] Shift i0 i1, Set W1 MAC,w1, c0 il
Lda 2, [w5-8] Seti0 i1, Shift W MAC,w2, c0i2 Sigm0, Wrback
Ld ab 10 11, [c2,i0-15] Set i3, Shift i0 i1, Shift W MAC,w3, c1i0 Sigm1, Wrback
Wr([c3,i16-i19----], 6 Ld b 12, [c2,i16-17] Shift i0 i1, Set W2 MAC,w4, c1 il
y_ _________________________ NOP Seti0il, Shift W MAC,wS5, cli2 Technische Universiteit
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Are You With Me?

 3x3 Convolution 20 lines of code

input Layer 1
720 x 1280 _ 6x358x638

* Neural layer ~400 lines

- Expert programmer

6x6 conv. with

5 hours of coding per layer 2kl

* Impossible for other users

arsiteit
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Custom Compiler

* Abstract from the hardware

input
720 x 1280

7-6-2017

Layer 3
Layer 1 Layer2 80x173x313 leia;§;3£113 Object
6x358x638  16x177x317 Category + Position
| [—=

at(x,y}
at(xy)
S Ni=80, No=8
N‘I:]., No=6 N‘FE, No=16 K=1, 1x1 conv.
K=6, 6x6 conv. K=6, 6x6 cONV.  i_16 No=80YWAIRRE S=1, no pooling
$=2, 2x2 pooling 5=2, 2x2 pooling K=5, 5x5 conv.
$=1, no pooling
xml Task Graph | Block Schedule Assemblin VLW
ConvNet Generation Scheduling Bundling g program
______ Writelocal Read Local Reg Operation EX VMAC
A Ld a 0, [b0 wO-1] Set i3, Shift i0 i1, Shift W MAC,w6, c2 i0
10 Cycles

Ld ab 4 5, [c0,i0-15]

Shift i0 i1, Shift W

MAC,w7, c2 il

[ wrlc3,i0-i7], 4

Ld b 6, [c0,i16-17]

Set WO

MAC,w8, c2 i2

Ld a1, [w2-4]

Seti0 i1, Shift W

Set, bO

Ld ab 7 8, [c1,i0-15]

Set i3, Shift i0 i1, Shift W

MAC,w0, c0i0

[ wrlc3,i8-i15], 5
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Shift i0 i1, Set W1

MAC,w1, c0il

Lda 2, [w5-8]

Seti0 i1, Shift W
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SigmO0, Wrback
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Set i3, Shift i0 i1, Shift W
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Shift i0 i1, Set W2
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NOP
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What do we gain?

68

« ~20x speedup vs ARM A9
« ~1.2x speedup vs embedded GPU
 Ultra-low power 100mW

Throughput [Gops]

Face Detection N Speed Sign Detection N

Fig. 8. Throughput comparison Arm-A9, NVidia Jetson TK1, and NVE
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Convergence of different domains
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Size
75

* Digital CMOS

 Technology available

* Implementation of useful accelerators

 Not dense enough for largest bio-inspired networks
- Analog

« Much more dense implementation

* Recall Biological Neuron
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Analog Spiking Neurons

* Kirchhoff’s law
- : . Weighted Leaky Threshold
 Capacitive integration input | synapse ||Integration Output

- Leakage P VR i A_E _Spike

~14 transistors

Yy

if
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Architecture Facets Project

77

 Facets
* Integrate & Fire
e« 250000 neurons wafer

* 60 million synapses
* Most area used for synapses

* Storage of connection strength

* Interconnect 2-D

analog power supply, [
direct event inputs

Sealing

Main PCB
(printed
circuit board)

LVDS Receivers
synapse drivers

LVDS Transmitters

E
neurons and STOP E
DNC/FPGA
parameter RAM boards
event buffer SRAM

www.facets-project.org
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core power supplies,
misc. digital 10: clk,
configuration, etc
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Synapses as Memristors from Intel

Proposal For Neuromorphic Hardware Using Spin Devices
'Mrigank Sharad, *Charles Augustine, 'Georgios Panagopoulos, 'Kaushik Roy
'Department of Electrical and Computer Engineering, Purdue University, West Lafayette, IN, USA
*Circuit Research Lab, Intel labs, Intel Corporation, Hillsboro, OR, US

msharad(@.purdue.edu
Abstract: We present a design-scheme for ultra-low power Rest of the paper i1s organized as follows. Section 2 introduces

 Memristor can be used as switch
* Also analog storage of memristance

metal interconnects

: Bipolar
i spin neuron
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Beyond Silicon

 Infineon NeuroChip
- Directly uses biological networks
 Difficult to connect to other devices
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Convergence of different domains

_ Applications
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Thank you for your attention
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