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Machine Learning for Image Recognition

“We took an artificial neural network and spread the computation
across 16,000 of our CPU cores (in our data centers), and trained
models with more than 1 billion connections.” -- Google brain team

A Cat Neuron

“One of the neurons in the artificial neural network, trained from
still frames from unlabeled YouTube videos, learned to detect cats.”



Big-data Center at Exascale

Interconnect for intra and extra Cabinet Links

1 Core = Microprocessor (=6 Giga
Flops @1.9GHz)

*4 FPUs + RegFiles
1 Chip = 742 Cores (=4.5 Tera
Flops/s)

« 213 MB of L1 I&D + 93 MB of L2
* 1 Node = 1 Chip + 16 DRAMSs (16GB)
*1 Group = 12 Nodes + 12 Routers
(=54Tera Flops/s)
1 Rack = 32 Groups (=1.7 Peta

Flops/s) \_L—l' ﬁ
» 384 nodes / rack BN —

1 Data Center (=1 Exa Flops/s) S
*3.6EB of Disk Storage
*3.6PB = 0.0036 bytes/flops Bandwidth issue!
583 Racks

Thousand cores in big memory 100Gbps bandwidth with 68MW power

Power
issue!

12 ROUTER
INTERFACES




Nonvolatile Memory Device

No-volatile state

W o cryvteles W et

No leakage power

consumption ., o &
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Conventional Architecture Non-Volatile Architecture

T Kawahara, Hitachi

Power issue



In-memory Computing Architecture

Conventional External processor
Intensive memory
accesses _l Data/address/command 10
( Data path N
- memory \ \ \
cPu T (RN | |
128/256 bits data
bus | | | |

Local data/logic

N

In-memory architecture

i |
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accesses NN _I_ — | |
~ Memar \l \l \l

< Data path Y \
CPU T~ — (" S, R S
128/251[6) bits data Data In-memory Local data path for
us

logic

Bandwidth issue

in-memory logic




Non-volatile In-memory Computing

External processor

} Pata/address/command 10 Data array: non-volatile

—— e ——— ——— — — e — —— — —— —— —— — —

In-memory logic:
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Irﬁ/ non-volatile?
|
* |

BL Reserved
|—SHF WL -I segment
1 | 1 _\

7
7
70 0
7

| |
l | | : :
NUINOD NOIND! 'e=-E ==
NS NONO o e
| : 318 WL -|l:: as access port

(I

/

Data In-memory Local data path for
array logic in-memory logic
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= NVM Device Modeling
® NVM In-memory Logic

mNVM In-memory Architecture for
Machine Learning



State of STT-MTJ Devices

= Macro-scale state of spintroinc device:
m Magnetization angle 0(t) between successive magnetic layers

m State dynamics governed by Landau-Lifshitz-Gilbert equation
<Resistance (R)

Bit-line (BL)

Q >
Word-line .
L) Free layer 1V
Reference layer
N —

1
Source-line (SL)

Free Layer Reference Layer

m State 0(t) in terms of giant magnetization resistance:
GMR Equation R(6)=R(6, )+ ARgyr (1—C0s 6(t))/2



NVM SPICE for STT-MTJ

circuit: STT-MTJ SET operation study
BL VDD .model nmodell sttmt; vep=0 vecap=>0
.model modname nmos level=5
vdd 1 0 1v
veontrel 2 0 pwl{0 0 4ns 0 5ns 1 15ns 1 16ns 0 20ns 0)
md 1 2 3 0 modname I=0.5u w=1000u
nl sttmty 3 4 nmodell thetal=0.001

WL vasst 4 0 Ov

dran 0.01In Z20ns

.end
SL STT-MTJ SET operation study
GN D ' ’ M ' ni#theta
I O D I 2 [Trvee
I W’“W
: ) nwr§'|'|MﬂWI'U‘HI\’HM
: oA - :
— | ;lUUHHH
STT-MTJ , : A w ;
—_— e 16 18 20 ﬁ2lfle (e 24 26 28 30
— Array size Behavioral Macromodel  Physical model in Speedup ratio
(s) NVM-SPICE (s)
plot v(nl#theta) 8*8 2.522 0.257 10x
plot (v(3)-v(4))/i(vasst) 16*16 98.131 187 52x

S0 1119.99 11.533 97x




From STT-MTJ to Domain-wall Nanowire

Shifter, Write, Read operation:
1.

Apply shift current to select domain

2. Apply write/read current through write/read port
3. The state can be read out by detecting the MTJ resistance

Domain erte/read.l,.f
wall port .~
— - — —
Shift Aphohy 2y 2 4 4990/
& e e = = = =5 =5 =5
port
Magnetic =
tunnel
_'J‘“u,nctlon
Anti-parallel ‘Parallel

TSI
R ‘ %

=

read

Contact

R
= = (=

=

[~ Insulator

|sh| >0

— —l— - " Fixed layer

e —

El==1E

> <0

@IWMW@N@

L —
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Domain-wall based XOR Logic

DWM Cell 1 XOR gate is most complicated (16
transistors each gate) among all
logic gates

*XOR is highly used for big-data
applications such as comparison
and addition

 Power optimized XOR gate by DWL

Two domain-wall nanowire devices
to build one XOR gate:

Write A to left nanowire
« Shift Ato constructed port
 Write B to right nanowire
Shift B to constructed port
» Read resistance of constructed port

Load A Output Load B
Domain-wall nanowire based XOR logic (DWL)



Domain-wall based Full-adder and Multiplier
SUM voo CARRY\

ctrll ctrl2 .
j\ ----- _T\ XOR?2 ENﬂﬁlw wlﬁ;:lk—EN

DW )= 0S
- Non-volatile

% 10(]—> Shift control partial prodygt
FULL (M) DW-ADDER PP1 '
ADDER/SHIFT 1000 |—> pw-stit pp2 PP
MULTIPLIER
1001000 a P

1. Horizontal ops by shift
2. Vertical ops by adder

[1] H.-P. Trinh et.al. Electronics Letters, 2013



Domain-wall based LUT Logic

2,32

dich.d
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ood| ©

o 0T

536 |[1072|[1608

001y} 67

603 11391675

010} 134

670 1206|1742

011] 201

737 |[1273|(1809

100} 268

804 [1340|1876

101)) 335

871 (1407|1943

110} 402

938 (1474|2010

/ 469

1005(1541|(2077

with constant

b,

Single 5-bit input multiplication

000 ‘ 001 || o1o

011 10 101

000000

UUUUOC e

001)000000{000001 000010”000011||000100||000101||000110||000111

00000/[000010]000100(000110][001000]001010/[001100][001110

00000/[000011]000110[001001][001100]001111][010010][010101

00000/(000100][001000([001100][010000||010100([011000

011100

00000/[000101/001010[001111][010100]011001([011110

100011

[110[jo00000][000110[001100[010010][011000][011110

100100

101010

111J000000(000111][001110]010101][011100][100011

101010

110001

Two 3-bit operands multiplication

*Any logic function y=f(x) can be mapped to
look-up table (LUT) with specified inputs
*DWM for LUT word-line and bit-line decoders
take the input and find the target nanowire
cell that stores results

wWword-line decoder

| nanowie

nanowire

‘nanuwire| nanowire ‘nanuwire| nanowire

|| nanowire 4 |

nanowire |

| anovire

nanowite [ |

BL BLB

|| nanowire|

| | nanowire | |

Bit-line Mux
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Neuron and Neuron Network

Input
Layer Input Neuron | Output

Activation
function

g(s)

t
X I
Hidden Wl/av
. g ¢ & Wi
. output y \ / \j threshold, t

: : Output Training ANN means learnin
Input  weight  weighted Activation y = s1gn(Zw X —1) Layer the ngghts of the neuronsg

vector X vector W sum function *

y

® Neuron model
e An assembly of interconnected nodes and weighted links
e Output node sums up each of its input value according to weights of its links
e Compare output node against some threshold ¢

= Neuron network
e A set of neurons with forwarded connection from inputs to outputs

o ,—hdden layer weights are obtained from off-line training and updated from on-line
earning



Non-volatile In-Memory ELM-SR

Input vector Hidden vector Output vector

* Extreme learning machine
« Single hidden layer feed-forward
neural networks
« Tuning-free without expensive
iterative training of parameters

« ELM based image super-
resolution (ELM-SR)

* Enhance resolution in image
recognition for recognition

SOSNOIsOo SO * How to map ELM-SR to non-
NONO|NONO volatile in-memory
N ! :

NOINO NOISO architecture?

i Sﬁﬁm |

array logic in-memory logic



cxtreme Learning Mmachine bpased
%

ELM-SR flow:
a) Input (offline memory) : feature vector P extracted
from images
b) Training (offline memory) = obtain output weight
vector ow
c)Randomly generated input weight iw bias b
matrices (offline memory): parameters tuning free
d) Testing (online logic)
1. input vectors times input weight vector P*iw
2. sigmoid function s = sigmoid(P*iw+b)
3. multiplication by output weight matrix s*ow



ELM-SR Operation Mapping: Weighted Sum

Input vector Hidden vector Output vector

— ) 1. Weighted sum (inner product):

W ! ow
W oS (a) DW-ADDER and DW-MULTIPLIER
e ) (b) MapReduce parallel computing
o A T
oo\ ! _ Domain wall data array _
i : i : 05 02 0612 Datasegmentox00 :
i i i Step 1: tasks issuedI 08 0 031 2| M I
H : ! by external (| 07 01 -04]3 1 oo l
== S M processor | SteP 2:;‘;“__/ T R
_____ S~ N

Step 6:
Write back |
result

controllers| Dispatch

Dispatch %n task
atom task
My, value) pairs

|

|

|

|

|

|

i [0.5,0.2,0.6][2 (2,0) ADDER|—=> (1,3) —>| LUT \
| ,1,3] DW- (1,0.2) [0.95,
|

|

|

|

|

|

|

Step 3: multiplication Step 4: sum Step 5: Sigmoid
(Map process) (Reduce process) function |

Domain wall nanowire based In-memory logic

I
I
DW- (1,1) — - |
Z| oL K5 2,/16) pw pw- I
I
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ELM-SR Operation Mapping: Sigmoid

X == | funcion by | ==t 1/(1+&”) 2. Sigmoid function:
i (a) DW-LUT (x meaningful around -
I T 8 to 8, y ranges from -1 to 1,
Lo e efficient by LUT)
g_j“""”** e 4""”5 (b) Tradeoff between LUT size and
& [~ N | nanowire _Inan[mirel_ _Inanc-wirel_ _Inannwire [
ST il accuracy
g e e e
gg_l& - Column mux & sense amplifiers Input:/ector Hidden vector OutpLit vector
— ‘ rOW 1
~1/(1+e™) w'
(a) 52 0
1
__________________ }
~ \ 22 —>q
Approximate by < Ideal logistic curve '
small LUT
\ j Approximate by
,.J"" large LUT R
0 = 2
(b)




Experimental Settings and Methodology

Conventional general purpose
processor platform

ELM-SR binary
(C implementation)

Execution
statistics

Area  Power  Timing

Proposed in-memory domain-wall based
neural network platform

DW geometric and magnetic parameters'

I DW-ADDER/DW-MULTIPLIER DW-LUT
I performance performance

|
: DW-LOGIC
|

ELM-SR

Area Power  Timing

! Technology node of 32nm is assumed with width of 32nm, length of 64nm per domain, and thickness of 2.2nm for one domain-wall nanowire; the R is set
at 2600Q, the R, at 10000, the writing current at 1004, and the current density at 6 X 108A/cm? for shift-operation.



Preliminary Results and Conclusions

Machine learning for super-resolution imaging

Comparisons with conventional architecture

GPP (with GPP (with
Platform DW-NN on-chip off-chip
memory) mMemory)
1=Processor
- T714=DW-ADD
Computation
al resources ER 1=Processor 1=Processor
atilized ??_14?*]]".1’—1'»{[;1
551=DW-LUT
1 =controller
‘ Area ﬂff [:prﬂclegs :.::51231+ 0.5 2 5
compuiationa 3 ' 18 mum~ 18 mum”
1 units mm
{accelerators)
Power . -
(Watt) 101 125 125
T#é‘:iﬁ;‘; 108MBrtes/s 9 3MBytes/s 9 3MBytes/s
Energy
efficiency 7 389 642
(nJ/bit)

1. All operations involved in machine learning on neural network can be mapped to a
logic-in-memory architecture by non-volatile domain-wall nanowire.

2. /O traffic in proposed DW-NN is greatly alleviated with an energy efficiency
improvement by 92x and throughput improvement by 11.6x compared to the

conventional image processing system by general purpose processor.




Thank you!
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