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Machine Learning for Edge Devices

o—

* Tiny machine learning for IoT devices has wide applications.

CLOUD

Data Centers

Thousands

[Source: eBizSolutions]

&9 3
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Ubiquitous loT Devices and Embedded ML

——

[MIT HAN Lab]

Smart Retail Personalized Healthcare Smart Home

* |0T devices and embedded ML models increasingly ubiquitous in the world

i) B
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Machine Learning for Edge Computing

o—
[Biswas, ISSCC’18]
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Al revolution & ML ML for loT. Edge Computing

Faster Local Decisions
Less Communication
More Secure (local data)

Requirements:

: _ — Low power consumption
High Power Consumption ~ Low storage capacity

- AlphaGo (1MWatt) vs Human (20W) — Real-time processing

Face Recognition

Speech Recognition

Image Classification

Object Detection
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Convolutional Neural Networks (CNNs)

—
Layer Input F;;lter Weights
\ V Layer Qutput — DOG
W /
,/Low-Level High-Level — eAF
Y Features Features .
Conv [') reatures || COnv | | Features f fc | O
Layer Layer Layer .
— CAR
e 1 — HOUSE
% AN Z
Input Y Y
Feature Extraction Classification
Synapse [Biswas, ISSCC’18]

Weights

Key Operation: Multiplication & Acc
umulation (MAC) using filter weight
s and layer inputs

W
Neuron as a Computing Unit
(Weighted Sum)
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Popular DNN Models

[Sze, NeurIPS'19]
GooglLeNet

Metrics LeNet-5 AlexNet VGG-16 . ResNet-50 EffICIeBI14tNet -
'

Top-5 error (ImageNet) n/a 16.4 7.4 6.7 5.3 3.7
Input Size 28x28 227%x227 224x224 224x224 224x224 380x380
# of CONV Layers 2 5 16 21 (depth) 49 96
# of Weights 2.6k 2.3M 14.7M 6.0M 23.5M 14M
# of MACs 283k 666M 15.3G 1.43G 3.86G 4.4G
# of FC layers 2 3 3 1 1 65
# of Weights 58k 58.6M 124M 1M 2M 4.9M
# of MACs 58k 58.6M 124M 1M 2M 4.9M
Total Weights 60k 61M 138M 7™M 25.5M 19M
Total MACs 341k 724M 15.5G 1.43G 3.9G 4.4G
Reference Lecun, Krizhevsky, Simonyan, Szegedy, He, Tan,
PIEEE 1998 CVPR 2016 ICML 2019

« Larger and deeper DNN models: not suitable for 10T devices
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Conventional Computing Architecture

o—
Cache * \Von Neumann Architecture: data
(sRam) [ movement across memory layers
1 I@ @ Main @ : 32-bit integer add
R Memory @:Regdata move and SyStem bus
e 6 . .
1g@ (DRAM) | @ Cache datamove — Long latency, high power consumption,
T @ @:DRAM data move hardware cost
CPU
(a)
3' >1n
@ 102- 50ns = 102 =
; 101- % ol
g ~2ns %D 10" 10p)

m © 06 @ g ®© @6 6
[M. Horowitz, ISSCC’14]
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Architecture vs. Energy Efficiency

Von-Neumann
(Digital)

Near-Memory

(Digital)

o
Memory
. Memory Memory
i 13 — 3 —
S Digital Mixed-Signal
Digital Processor Processor
Processor

Near-Memory

(Mixed-Signal)

In-Memory
(Mixed-Signal)

— %

Energy-Inefficient Data Access Energy Energy-Efficient

Computing Energy >

* Von-Neumann architecture: computation bottleneck and excessive energy
consumption due to memory access.

« Computing-in-memory: high energy efficiency and high performance with
massive parallelism
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Computing-in-Memory: Basics

« Computation of MACs inside of memory

* Features
— Activation of multiple rows
— Analog bitline voltage or current for representing MAC results
— Digitization using Analog-to-digital converters

Less (or no) Intermediate Data

1 B= — ar nvCIM || nvCIM || nvCIM
% =5t = OV FA | PeA || A
2 a |- - = %/U\ .
. = — >‘W’Q‘_" nvCIM || nvCIM |[ nvCIM
SRAM Bitcell E E = 3-
— T = P+A P+A P+A
Lite-PE
" il Motk Wodaia” "P+A: Pooling + Activation
[Klm, ISCAS’21 Tutorlal] [Chen, ISSCC’18]
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Synapse: SRAM Bitcell

® [Kim, ISCAS’21 Tutorial]

Wil

[(—<—x;

Wil

*x1

A (binary) synapse can be mapped to a single SRAM bitcell
— Multiplication in the SRAM bitcell
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Synapse: SRAM Bitcell

® [Kim, ISCAS’21 Tutorial]

it

Hit

g
=%

e IHNIEEEEEEEEEEEEE

SA

. . VI
« A neuron is mapped to a column of bitcells
— A dot-product between input and weight & an activation is performed
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Synapse: SRAM Bitcell

¢ [Kim, ISCAS'21 Tutorial]

——.] X2

J

M

Vi

Y2

Y3

XI16

yis ’ ' M

_ YVi6wua P3P2I
A feedforward neural network is mapped to entire SRAM macro

— Many parallel dot-products = a matrix (weight) vector (input) multiplication
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Binary MAC Operation in 6T SRAM Cell

4

..~ BL/BLb are pre-charged to VDD --...

;Y

.

X g _”_ l l - _|-|_
Q—ﬂ P- -4 IQb ﬂ—lll;ﬂ P- -4 1 0 i‘—ﬂ H—I_I—Oll k- -4 I 1 l_l—u
W ON ON ON ON
HH ‘EI— {l Hb  Hh 3I— 4i| Hb 1 - {l Hp>
VDD XZO VDD VDD X=1 & W=+1 VDD - AV VDD - AV X=1 & W=-1 VDD
» Differential bitlines
= Input X = 0/1 and weight W = -1/+1 X W +1 1
— Three different voltage differences: 0 V, AV, and -AV 0 0 0
1 -AV AV

&
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Binary MAC Operation in Single-ended BL

Weight =0 Weight=1 Weight=0
WL WL

Weight=1
WI._/}

0"5( 2 14 (I- =

0

H
1

Input (WL)
S o
L
|
! ‘;-’,_‘\Il:l
BL
i
BL
Input (WL) =1

s
e

2
=

!
)
>
o
u
)

AV, =0=0xAV AV, =IXAV

[Dong, ISSCC’20]

 Single-ended bitline

— Input X = 0/1 and weight W = 0/1 X W 0 1
— Two different voltage differences: 0 V and AV 0 0
1 o) AV
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Computing-in-Memory: Challenges

Disturbance during MAC operation
Bit cell area

Narrow dynamic range for linearity
Limited precision

ADC area/power overhead

Limited reconfigurability
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Computing-in-Memory: Challenges

Disturbance during MAC operation
— Internal nodes affected by bitline voltage

— Data flip due to multiple enabled SRAM cells
and a wide bitline voltage range

Bit cell area
Narrow dynamic range for linearity
Limited precision

Limited reconfigurability

ADC area/power overhead .

| BL/BLB __ﬁﬁjéiiii'

L | WL[1]=1 .
1l |
; éin“E2§f“FLJHL

wLo] | |
WL[1] i e |
WL[n] '—:—1__

QBI0]
Q[O]

QB[]
Q[1]

Q[n]
QBIn]

Write Trip point

Ty
£

L
¥

| " Data flip

\

[Si, JSSC20]
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Computing-in-Memory: Challenges

@
» Disturbance during MAC operation o2 58
VDD
* Bit cell area o nik *"EJL -
. . . Q QB
— Decoupled bitcells for removing disturbance 2 |-VSS‘| l
— Additional TRs increasing area overhead mwio| L o7y MWLB,0
T7
« Narrow dynamic range for linearity ¢T
 Limited precision _ [Jiang, ESCIRC'19]
« ADC area/power overhead ;J_-ﬁl* At ,Lq o

Limited reconfigurability

il ]
+
m!

WBL
B
RBLb

o,|=~ th

RWLB_N < . RWL

[Yin, JSSC'20] [Yu, CICC’20]
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Computing-in-Memory: Challenges

o—
[Kang, JSSC'18]
 Disturbance during MAC operation S, R I
- Bit cell area : |

Narrow dynamic range for linearity
— Nonlinear voltage step depending on MAC value

RWL

— Limited dynamic range: 200~300mV ,,— —————
. - _ \_/
» Limited precision e ” :
« ADC area/power overhead 115 RBL o1 RBLS) - 120 bitots Nown gzﬁﬂ los
« Limited reconfigurability i — M s
. S = .
T = ® fzz Lmearé--‘---: ------ SNordinear I
[Yu, CICC'20] :: - Ii + ot ducaral ot = | LEE i,jlt,f,,,iajmﬁRi;'g,{};ﬁ“‘“'s 0
T Pl [Dong, ISSCC’20]
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Computing-in-Memory: Challenges

[Zhang, JSSC’17]

 Disturbance during MAC operation g
- Bit cell area i
3004} current
« Narrow dynamic range for linearity S 0.02} wlo offset
L . 7 . " current
e Limited precision 5 10 15 20 25 30 35
— Nonlinear MAC results caused by analog processing 0 DAC Code
— PVT variation impacts on bitline voltage 0'5 SIS ,I&r
« ADC area/power overhead o 0.4 /I/{’ﬂ
.. ) . g 1A 0.32V
* Limited reconfigurability g 03frmmmmmmmmemgenenes TR
_g 0.2
@ 0.1
un--qdrii?

256 -128 0 128 256
[Yin, JSSC’20] MAC Result
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Computing-in-Memory: Challenges

[Biswas, JSSC’19]

o—

Local SRAM Array #0

lwe

Disturbance during MAC operation
I-bit filter weights
Bit cell area T s B

256x64 CSRAM Array 3 z

Filter #0
—
=

Narrow dynamic range for linearity L = o) |

GRBL, GRBL;;

 Limited precision ) e

 ADC area/power overhead M -
~ Multiple DACs and ADCs Power consumptionof , Avea overhead of
- Leading to energy/area overhead i B B iy

* Limited reconfigurability A ‘

7%

|| DACI2-bit .
: 24% ADC/8-bit
' /
]

v 61%

I | ! 1
\. = ADC/8-bit = DAC/2-bit = ReRAM /' \_ = ADC/8-bit » DAC/2-bit = ReRAM .

Ve ssssssssssasssssasssss - ~

ADC/8-bit
91%

........................

1152*128 ReRAM array, 2-bit DAC and

[Liu, ISSCC’20] 8-bit ADC are adopted in this evaluation
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Computing-in-Memory: Challenges

o—
[Biswas, JSSC’19]
 Disturbance during MAC operation { B — A
S 1-bit filter weights
- Bit cell area T T B
- Narrow dynamic range for linearity i [ | s v |
 Limited precision W) e »
hi X, R/W Interface
« ADC area/power overhead < s IR
. . . .y - thﬂ[ﬂ]‘_: w
* Limited reconfigurability I
~ Fixed input, weight, and output = 64 X064 81 Array
- : : MIN1I3Q] | = | |
— Difficult to reconfigure due to analog processing ——
64 4-bit CE a ICompensation Caps|
Inputs [ 4-bit Flash ADCs |
toeon § § 3 3
[Dong, ISscc20) UP¥s 3 2 3 3
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Accumulate using Pull-Up/Down Drivers

 ‘Pull-up’ and ‘Pull-down’ resistance determined by cell data
* Bitline voltage dependency on ‘pull-up’ and ‘pull-down’ resistance distribution
« Wide bitline swing at the cost of short circuit current

S 1

VB b

L Dol bt . ;

0 -Dc v 1 _' — l'PU=k"IPU Voo %w? VDD

:"-.'.'-'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.:.5 : '\}3/\]- PL(jzxﬂ
S A S S R d ” paths

.. .- i |~ Wy | — ReL

H ke =VDpD- PD=IPU

E VboL . E E"E =Vpp-RXIpp — (2% d)

PRyl =,

B -l>cGND ==l : e

SN il o NN, | lpD=(m-K)XirD '[>°"‘°¢
X% (input«Weight=-1) (M-K)
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IVEI'S

iIng Pull-Up/Down Dr

Accumulate us

—

* Nonlinear relationship between MAC result and bitline voltage

* Nonlinearity dependency on supply voltage

* Nonlinear reference voltages for linear ADC

(A (A
« il . N ™~ e <
@ O S (= [ (=] (=1 (=1
% ___ N __ LI ___. T
\ AR
= 3 \ I | o
m ___ | | _ __
Mcﬂ.;.._ W ___ | | _ “ ___
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ot a_ v T
) I ) 1 1 1 1
L d Lo do L lmm
) I I 1 1 1 1 L o
e d e mlae e b ed e cale -l e -
1 I I 1 1 1 1
- —+ - - +——l-—F -4 —-=-—+ - |-mw
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Differential Accumulation

Nonlinear single-ended
accumulation

Pseudo differential accumulation ?
Improved linearity

Reference voltage generated by
replica bitcells

Accumulator Output [V]

More Pull-Dn 4--}—} More Pull-Up
More Pull-Up 4—5--* More Pull-Dn
1

*PMOS & NMOS i X Assymetric
Strength Imbalance {| X Nonlinear
(single-ended DRV) : ¥ PVT Variation

(]
-64 10 64

Accumulator Input
Single-Ended Voltage-Mode

-0.8

[Kim, A-SSCC'19]

/Yo Yo [Ye3 Ye3

1
VP JUN

Min. Sized TRs, 65nm, 0.8V, 50°C

Accumulator Output [V]

0.8

Accumulator Input

Pseudo-Differential Voltage-Mode

-0.8
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ADC Using Replica Bitcells

Accumulator Input & 3(Y-/Y)) Monte-Carlo, 65nm, 0.8V, 50°C 08 Quantized w/ Conventional ADC

- Reference voltage generate by ™y v T F——F T s
replica bitcells [ 92 2 &
» Better linearity and variation s 8 . o :
= \mux / y i — E
tolerance i [l 9 8
i8° _(\fflé R |
- - -64 Accumulator Input 7 Accumulator Input 54>

ADC Ret. Voltages (a) Proposed Accumulator + Conventional ADC

Accumulator Input < F(Y;-/Y)

No Yo Nes Vs Monte-Carlo, G:Emlm_.i D..E\.:, 50°C 0.8 Quantized w/ Proposed Row-ADC +15
N d w
| V... S
VY- Y¥ = 5
. B 2 g
g% I E o

> + 3
oa _i>-—’ & z 0 e 3 fodeni

g2 8 s 5 <
< Proposed = = E g
: : g
g _ E =
™ E ] %
‘. i E =

--*128x a i 1] 08 2 -15

) /Ry Re  /ReiRg -64 Accumulator Input 64 -64 Accumulator Input 64
[Kim, A-SSCC’19]  ADCRef. Input ¢ F(R-/R) (b) Proposed Accumulator + Row-by-Row ADC
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Current-based Accumulation

* Decoupled 8T SRAM cell for disturb-free MAC operation
« Differential bitline for MAC operation
« Combined cell current is converted to bitline voltage

[Yu, CICC’20]

VDDscy, (0.8 V)

Peiby C
WWL

) Logic Table RWL, STB_X:]Q—l 6T %"::I
Input (RWL) 0 1 | I : :

=

&

- - L]
Q Qb Weight (Q,Qb) (RWL=H) |(RwL= I") E :

-1 0 -1 { !
(Q=H, Qb=L) (No change) (-AV) L TFIQW T Qb, B

3| |3 al (2
S 4 @ g (Q=L, Qb=H) (No change) (+AV)
( ): Circuit behavior representation , I I I | |
RWL H ! ' HC
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Current-based Accumulation

* Lower core supply voltage for constant unit current (I )
 Limited bitline dynamic range (~200 mV) for linearity
« RWL pulse width control for target dynamic range

RWL
lnit |5, 0.8 —U
VoD l_ E Operating Range o
. -~ H_H 0 05 1 15 2 25 3 35 4
(0.45 V)_l 2 lunit : : Time [ns]
o
0 ¢ i T 1 J RBL (or RBLB) - 128 bitcells / Neuron
oll: 02 04 o6 o8 0.85 . h . . . ; .
VRBL(or VRBU:') # of discharging bitcells =0
VDDRW L ' \ Rw 0.80 B
(0.8v) 1
0 . . . > 0.75 = -
Tt i i time 0.70 S
0.8 : : Max. RBL
077 | i |
061 | “\\__Min. RBL 0-69 5
057 ! ! . ‘ . # of discharging bitcells = 128 ,
ot : . > 080 s 1 15 2 25 3 35 4 [Yu, CICC’20]
time Time [ns]
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Bitcell-based Column ADC

« 32 replica bit cells for sweeping reference
 1-5 bit output precision controlled by # of cycles
« TH[O]: sense amplifier output with highest reference

Quantized w/ Column ADC Cycle 0
+32 Ref=+2
= . ﬂJ
R[O] 8T Bitcell B g
o 9 Zs A
R[] | 1 i i 5 S 9
[1] 8T Bitcell 2 & X 2 ™ol
= =] _E.__, = H
° = :
; o] 0 e G |Ref=+2
RI31 | ] 8T Bitcell = 58 8 =
c < g ! a | DbP=1 !
- Z g Q3 ] "é (Fur;ed)
v 3 “£ e
U »~
-32 0 Cycle #
7 -32 Accumulator Input 32 TH[0]=0
y = [Yu, CICC’20]
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Bitcell-based Column ADC

* Incrementing reference by writing more ‘“1s’ in the replica bitcells
« TH[2]: sense amplifier output with lower reference
* Digitized output generation using sense amplifier output over cycles

Cycle 2
Ref=-2
G |THIOJ THILJ THI2]
) L=0i=0:-1
© |Ref=+2 |
3 [_LRef0
HIEE
S| (Fixed) |Re=
o 1 2
Cycle #
TH [?] =0 TH [|1]=U
v [Yu, CICC’20]
B[1:0]=01

&
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Measurement Summary

——

« Summary and Comparison
— Cycle-based reconfigurable output precision

— Low voltage operation for energy-constrained IoT devices

Process 65nm

Supply 0.8V (RWL/PCH)

Voltage /0.45V (SRAM)
Operating | 4 /400MHz
Frequency

Bitcell 8T SRAM
Bitcell Size 1.83x1.83um’
Array Size 128 x 128 (16K)
Efficiency 2.04f) @ 200M
(1bit OP) 1.99f) @ 400M

ML MLP (2-layer)

Algorithm 784-128-128-10

Dataset MNIST/96.2%
/Accuracy | (-0.4% vs. baseline)

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE

SOVC'16 [2] | ISSCC'18[3] | SOVT'18[4] This Work
Technology 130nm 65nm 65nm 65nm
Bitcell 6T SRAM 10T SRAM 12T SRAM 8T SRAM
Accumulation |Current-Mode|Voltage-Mode | Voltage-Mode] Current-Mode
Array Size 128x128 64x256 256x64 128x128
Input/Out. Bit# 5/1 6/6 1.59/3.46 1/1-5
Weight Bit # 1 1 1 1
E“ef%'g;ﬁ ney 11.5 51.3 139 490-15.8**
# ADCs/Neurons N/A 16/256 1/64 128/128
ML Algotithm SVM CNN MLP MLP
ML Dataset MNIST MNIST MNIST MNIST
Accuracy 90% 98% 98.3% 96.2%*

*Accuracy based-on MC (1K runs) sim. results (6=6.35mV) **1-5b (1-31cycles/OP), 200MHz

[Yu, CICC’20]
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Charge Sharing vs Capacitive Coupling

« Analog MAC result using either charge-sharing or capacitive-coupling
 Unit capacitor implementation using metal layers

Bitcell with Charge-Sharing

WL

Qb Q “j: ._|‘L0b Hé_q‘rL_,
> ] ~T T
Rk | EQT“ \

Bitcell with Charge-Coupling

—
&

—e
BLb
RBL

BLb
RBL

RWLB 1
RWL

RWLB
RWL

[Valavi, JSSC’19] [Jiang, ESSCIRC’19]
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Accumulation Using Charge-Sharing

 During accumulation, all the unit capacitors are connected to the shared bitline.

) [y e

U PR v
l l :-nl Ace g:i cells; ¢ s
= _,_L xl;a' H/_.. ‘I;a' {/ b
1 NRE Tk
3 Q=N &
‘ I ovI E .C=VReL(256C) > I %
— AU R
RWL I
256-N | . M
cells 5.. . H
Multiply switches OFF / Accumulate switch ON -L| " "L| [
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Accumulation Using Capacitive Coupling

« Charge redistribution through capacitive coupling
« Analog MAC result generated through a simple capacitive divider

we A
vl e W

- H 1777

Equivalent Circuit

RWLB s .
. |_ Capacitive Divider
<+ —

BLb
RBL
/

?

&

398
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Bitcell Layouts with Unit Capacitor

—

« Minimizing area overhead by implementing capacitors on top of transistors

 Area overhead dominated by additional switches [Valavi, JSSC'19]
« MOMCAP: 1~2fF per bitcell area e be B
« MOSCAP: for higher capacitance B [ [t
R i e
jv_L w2 | b —d [P ij_ s Wit X
W_ Q QB m i J_—EF'VDD"*E__J__L
B L O Wi I—VSS-Igl
EMNB ? MNS RWL e o ‘j: i nit 6Ts Active  [J] N-well
T W rory B vetal
[Sharma, ISCAS’'21] [Jiang, ESSCIRC’19]
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Analog Computing-in-Memory:. Summary

—

* Pros
— High energy-efficiency by minimizing data transfer between memory and Pes
— Massive parallelism for achieving high throughput

« Cons
— Significant power & area overhead in DAC/ADC
— Limited precision due to analog MAC result
— Limited reconfigurability

« Advanced Technigues
— Decoupled bitcell structure for removing disturbance
— Capacitive bitcell for improving linearity in MAC
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e Summary
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Digital Computing-In-Memory

No degradation in Precision

Fully Reconfigurable Weights/Inputs
— By changing column MAC size/operation cycles

Bit-Serial Computation
— Reduced hardware area
— Throughput/latency issue mitigated by parallelism

Unigue Number Representation
— Two’s complement & binary-weighted signed number

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Slide 40




Digital CNN Accelerator

o—

 Eyeriss: on of the first digital CNN accelerators
* Processing elements implemented with digital circuits
 MAC operation in the digital domain: no accuracy degradation

—'E% Off-chip Global Digital PE

e DRAM Buffers Array

=
+ e

— Register L Register
o File o File
B L
L T
[Chen, ISSCC’16] ) ) [Kim, ESSCIRC’19]
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Analog CIM vs. Digital CIM

®
» Digital approach to avoid Analog CIM Digital CIM
inaccuracy Digital Partial
« Massively parallel MAC IN, N, =+(X)
operation to enable weight/data
reuse for energy saving N, N, =(X)

* Energy-efficiency MAC operation
by bit-serial multiply/ parallel

a)e|nwnooe Bojeuy
Z
[ ]

adder
N, IN,

. Digital —"+

. Accumulationz"
I,J «_ AD . \ shift
. | converter /add

Digital multiply 1 Digital multiply 1

[Chih, ISSCC’21]

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE Slide 42




Digital CIM Macro Architecture

 Fixed weight precision (4bit) and adder-tree
— Simpler digital computing-in-memory macro
— Higher parallelism (but less reconfigurability and density is low)

IN<0:255>
—

_____ : Adder
Tree : Tree

= - 4b gs 4b
3 b | IN<254> [ iid |

+ }5b + s
= J4b X)) =} -4b

WL<0:255> ,

J2ALIQ TM INYYS
k']
19ALIQ UoneAnDY Indu|
»
o
=
@

e INS2882

{ & {

CONTROL | Control Accumulator | SRAM || Accumulator
" Block <0> RW <G3>
& $ @

(W°<0:3> Qy<0:19> Wes<0:3> QG3<0;19>J

M )
m [Chih, ISSCC’21]
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Digital CIM Array Circuit

6T SRAM bitcell for weight storage
* NOR for 1-bit multiplier
 NOR output sent to adder tree for accumulation

8 A A 8
@ @ 54 ¥ & ¢
[+1] m m m m o m [=2]
WL{mL\f::": s e +—y 1 pr— WL 1 l
IN_B<0> .% i .% LI~ .% i .% t .
IN_B<1> m W B
[ D e e I 1 ouT
WLet> ——geigtre tweighl v s weight e piyeight e m o [N-B
WL<2> . s .2 » + » . . . m
. . -
IN_B<2> % %ihf % % g o
o
- YF-D'J m-l‘ "'@.-f "'_—_D,—l' =
wiL<s> tTweightt+ +{weighf v t{weighf I+ t{weighf H =
_ 8 WB | INB | our
WL=254> =:¢ =:= =:= ¢:¢ 0 0 1
m%' *'u%lglk—i* *u%lglk—'*' *u%ﬁ 0 1 0
IN_B<254> ; ; : ; ] o ”
e ; : :
= 2 1 e Chih, ISSCC’21
WL<2s55> _ PTyeighl M+ +1iweight ¢ ttweight I+ 1 weight H [ ]
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DIMC Macro Architecture

« Macro size: 256x64

« Perform a binary vector-matrix dot-
product in one cycle

« A column integrates:
— 256 binary multiply cells
— 16 approximate compressors
— One 16-input adder tree
— One shift accumulator

« Compressor: small accuracy
degradation for high area efficiency

R/W Address Decoder & MWL Driver

R/W BL Control
BL[0] |BLBI[O] BL[1] BLB[1] BL[63] BLB[63]
WL[O]
MWLJO] ‘ﬁHﬁ- |o | | W | u ‘HHE- o
MWLB[0 ; = [ =='°§ ] R
2 I 2k — 2
wiis] [} 5 A p g a 6T s d
MWL[15] S o MM Sll= AR Sllg
MWLB[15] H 8 — H & v B
= = o
E| \%QI ":|
WLI240] ° by &
o : S S
< < <
MWLI240] | |
MwLB[2a0]| g | . — EI_ ] t g
L g K : L 2 H : L | 2
WL[255] o a 8
fH EH ¢
'-' £ ', E T, 3
MWL[255] S K 3 S H — 3
MWLB[255] ] b B ’
so] s1f s63

Shift_accumulatord

Shift_accumulator1

Shift_accumulator83

[Wang, ISSCC’22]
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Bit-Serial Digital Computing-in-Memory

 Full Digital Implementation: Free from analog variation and ADC overhead.
« Area/Energy Efficiency Comparable to Analog Accelerators

‘ .- (In-Memory)
, A
'5 9
H1K >
" VaN
S

I ' Column-MACs

0 1

v L ' 10
1 0 <%--- (Bit-Serial)
0] A, 1A,

[Kim, ESSCIRC’19]
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&

Bit-Serial Digital Computing-in-Memory

« Operation diagram

BWS* |Binary

+1

-1

1%t Cycle

N Cycle

Initial Carry-In
22228222

L)

Attt

22

22,

128x 1-bit Input

Segments

NANYANG TECHNOLOGICAL UNIVERSITY ' SINGAPORE

8-23b Output

Partial Sum Propagation

Carry Propagation

[Kim, ESSCIRC’19]
Bitcell

SRAM

~~~
RS FA
L]
L
~~
L )
S

C 4
L 4
[ d
@
®
@
L 4
[ d
o®
@

Column MAC

*Binary-Weighted Signed
(BWS) 0101 =-8+4 -2 +1 =-5
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Bit-Serial Digital Computing-in-Memory

« Bitcell Configuration
— Weight Enable = ‘High’: XOR enable
— Carry Select = ‘High’: Carry-in from upper bitcell

- Bitcell Mode: Multiple-and-Accumulate (MAC) & Accumulate-only

« Reconfigurable Column-MAC with serialized input ... .u s

Sign-in | | BL BLB | | Carry-In
— g
WL | | WL F-esoeeenoeis
SRAM i .
™ weight nem. [ : SRAM
x «iﬂtﬂﬂfﬂ:&
XNOR : :
Bitwise Mult | | i XNOR : £
Weight ca e [E
e 1 my by i
Enable Select 2:1 MUXs 3] |3
2: 2:1 i i
E'.-.wx::w;v:r.-
Psum I. Psum . =
Input Full Output : Full =
| Adder " |i Adder i
[ 2 .
Fsqpaanasase )
o
Sign-Out | | BL BLB | |[Camry-Out { 1.88um
" L

&
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[Kim, ESSCIRC’19]

Proposed
Weight Enable: High é E 2|2l |2 Column-MAC
o
Carry Select: Low als HHEE = ]
oo | oo 4 o : —_
! g|z|.. g H
T\ (B HEWE 2 —
ol|la o H —_—
Dx\ L § é | w0 0 =
. RS alo = 5 —
. A — - R : ¥ [®]
. || g =z =
. 1 E] HEH -
XX —_— E . E E 2 2 |
— oo
P HHHH Rl HHHE B, \___"_T ______ -
. Bitcell =
G S == —
‘ - 101 AAAE —
&m e BE HH| RN 128128
\ . T Reconfigurable T
Bitcell array *Bit-Serial [1]
] *Key Features Bo Computation
Weight Enable: Low (1) 1-to-16 Bit-level Reconfigurable Precision :
(2) Bit-Serial & In-Memory Computing B',.

Carry Select: High
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Bit-Serial Digital Computing-in-Memory

« Reconfigurability

— Higher energy efficiency at lower bit-precision
— Energy-aware bit-precision control in 10T devices

Reconfigurability 1-16b Weight / 1-16b Input E. 117.3 1-16 cycles for processing 128x|§?g21bti$$3£ 2e2

[Bitcell & Register 128x128 Bitcell Array with 16 Register Columns N

IBit-Precision** 1b/1b 1b/16b 16b/1b 16b/16b § Il o.6v: 0.7V 0.8V

|Operation Cycles 1 16 1 16 = 657 2el

ICqumn MACs 16x128 16x128 5x128 5x128 §

[Max Frequency 138MHz 138MHz 75.8MHz 75.8MHz g 208 )

ILatency 0.12us 1.92ps 0.22us 3.59us o

Throughput 567GOPS 35.4GOPS 97GOPS 6.1GOPS g i l i I I

|Energy Efficiency 156TOPS/W | 9.7TOPS/W 22TOPS/W 1.4TOPS/W lﬁ 2e-1
*Simulated (65nm, TT, 0.8V, 50°C) **Bit-precision setting (Weight/Input) 2 4 6 8 10 12 14 16

Bit-Precision

[Kim, ESSCIRC’19]
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Measurement Summary

o —
Hestc1y | fsiccis | wvibris | This Work
Technology 28nm 65nm 14nm 65nm
Supply Voltage 0.65-1.1V 0.63-1.1V 0.28-0.9V 0.6-0.8Vv RN ey L dameasn—
Multiply LI | 1rooor | fEASy | a-to-tebi ,*-»&F'iv.‘-r-'-n*:;*:; ‘1m‘r-4-4~\-*i¢1-1 AERERERRER
RS StS 48/N bit 32bit INToa7qsp | 8-to-23bit : -
IReconfigurability ﬁ%ﬁggﬂg; Bit-Serial (Sﬁii(fesszg,iasé) C%Ii‘é_“ggrl;"a’l\c Bl{gg'!(ﬁrsav ;5‘;
MAC Array Nx256 12x12 4x4 éi’{%g? %B; ,:;:
MAC Area [pm?] N/A N/A 1480 | ,§5:3{18D, 77 H”‘“,“f* ““b}:f{” *1‘:“‘”"”““\ |
SRRl A | RS | A | 8:95(1ER) Die micrograph
Mi'E:I.gfl‘,gr fff- 0.26 3.08(16b) | 0.55(16b) | 2.06(16b)
Ma’[‘igggm]'iff- 10 50.6(1b) 11.3(8b) | 117.3(1b)

[Kim, ESSCIRC’19]
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Comparison: Analog PIM vs Digital PIM

o—

Analog PIM Digital PIM

High output precision
Good reconfigurability

* High energy efficiency

 High throughput with massive
parallelism

Lower performance
 Data Conversion overhead

Lower energy efficiency
Large bitcell size and low density
Lower throughput than analog PIM

 Limited reconfigurability
 Limited output precision
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Outline

o—

* Introduction
« Computing-in-memory Basics and Challenges

 State-of-the-arts Computing-in-memory
— Analog CIM
— Digital CIM
- ReRAM CIM

e Summary
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Challenges in ReRAM CIM

[Chen, ISSCC'18]

 Large variations in resistance
* Non-zero bitline current for data ‘0" after multiplication
* Overlap between MAC values for small sensing margin

Cumulative Probability (%)

/ MAC value (MACV) \ : :
- 4 5 6 M‘ " .....,,.‘ ~. .....HIT_
= 10° 10° 10
'_rEU Resistance (kQ)
g Reference Generator
Q- > =
1L8H 2L7H 3LOH 4L0H 5L0H 5L4H 6L3H 7L2H 8L1HI 2, @
S 1 B
q’ 1
Input: WL (I Weight Product I g =Ll
N) (W) (INXW) ve o ;1IN
g L
0 0 (HRS) 0 0 -,—[-T-[I
0 1 (LRS) 0 0 : vy Y
L Cell Arrays
1 1 (LRS) 1 Lrs 2]
1 0 (HRS) 0 lurs = || Write-Control |

&

T
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Input-aware Dynamic Reference

[Chen, ISSCC'18]

—

* Input-aware reference current
« Reference current separation
 Input aware replica rows

Probabllity lrez i ws MAC value (MACV) lnes L wie
N :/":—‘d:\‘ 1 ‘ 21314151877
NWL=9 | I @I @ [\ I . 3L 2HTL
| IRer_iapty wie I : : i ]
RSN PAPN P 1 ﬂ
v ALAIAAAANAA
R S
e IR T L e
e TR
| i l I I : » lcr
|Rer oy Inee rorn
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Serial-Input Non-Weighted Product

« Multibit weight storage in 1T1R cells
— Non-weighted current accumulation in cell array
— Peripheral circuits deal with weighted values

Positive-Weight Group Negative-Weight Group

CLK J -

SL[0]
BL[0]

SL[1
BL[1]

wipp J L

n e

B!

]—['L MC.

WL[1]

2bit input

L 4T, Tans

T

WL[n]
= IBL msB[ojy= IBL LsBjo]y = IBL MSB[n]¥= IBL LSBIn

e b N
IN[0] IN[1]

h

h o

YMUX

&
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Positive Weight Group
MCy MC,. [Weight value(W)
LRS(+2) | LRS(+1) +3
LRS(+2) | HRS(0) +2
HRS(0) | LRS(+1) +1
HRS(0) | HRS(0) 0
Negative Weight Group
MCn MC_ | Weight value(W)
HRS(0) | HRS(0) 0
HRS(0) | LRS(-1) -1
LRS(-2) | HRS(0) -2
LRS(-2) | LRS(-1) -3

[Xue, ISSCC'19]
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Serial-Input Non-Weighted Product

[Xue, ISSCC'19]

« Down-scaling current mirror ratio
— Process 2-bits weight values
— Reduce summation current range and read-path current

oL msBjo]| __ Positive Weight Block IoL LSB[0]

I_nput ¢ Input = CDSweTMsB | T T T T DSWeT-LsB
Weight-MSB Weight-LSB 'VDD VDD 4 VDD VDD
ll LI o I N1 PI]pdeR?

U 2 | x4 j"““” Vo Vil I% X4 |x1

lysg X 1/2 | g X 1/4

N7

lysg X 1/2+ |, s X 1/4

|DLC  MSB[0] IoLc LsB[0]

l'WDL MSBI0] |WDLLSB[0]1

l11ss=MSB current summation
| sg=LSB current summation
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Serial-Input Non-Weighted Product

[Xue, ISSCC'19]

* SINWP - Sampler and Combiner
- Phase1l: sample MAC of |N[O] Positive weights  Negative weights
— Phase2: combine MACs of IN[1] and IN[O]
— Current subtraction with reduced range

CLK

wino] £ ol X IN[1] N
v I

-----------‘

1/4xIoLpxWLH112xIpLp1jx W Sigh Comparator + PN-ISUB
X1/4 X1/2
. I
S Combiner == IpL.»(IoL.n) ISUBI | REF
1 /AXToLopWLH 2 oL Wa : D(
IoL-p(loen) = 1/4 x [1/4x(IoLortloupg) XWL1/2x(lo oyt lpLpg) X W]

DOUT[2:0
+ 112 x [1/4x(lorgo+loupy) xWLH1/2x(Iowjop+loL ) X W] DOUTsieN [2:0]
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Summary

* Neural Networks have promising opportunities in various energy-
constrained smart applications.

« Computing-in-Memory is a critical research area for improving
energy efficiency of neural networks by orders of magnitude.

* Analog and digital computing-in-memory designs have its own
advantages and limitations.

« Computing-in-memory using emerging non-volatile memory is
promising in energy-constrained loT applications.

« Computing-in-memory design is not mature yet and needs more
comprehensive research.
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