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TOWARDS LESS DATA MOVEMENT
SEPARATE MEMORY AND COMPUTE UNITS

Data Movement
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TOWARDS LESS DATA MOVEMENT
FINE-GRAINED, DISTRIBUTED MEMORY HIERARCHY

Local memories

memory
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TOWARDS LESS DATA MOVEMENT
COMPUTE-IN-MEMORY (CIM)

Local memories

memory

Data processed at
where they are stored

Less Data Movement
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What it takes to get there?
" High-density memory offering enough capacity for model weights
" Memory and logic devices integrated monolithically on a single chip

" Support energy-efficient in-memory computation



| RRAM BASICS

“0"
High resistance

Top Electrode

me_aal oxygen
oxide ion

C%\ruptured
C%\filament

(®Ye oxygen
O ~ vacanc
Bottom Electrode

>
S

Set

Reset

Resistive Switching Random-Access Memory

(] 1”

Low resistance

Top Electrode
®

%Q\filament

(oYe oxygen
M) Yy vacancy
Bottom Electrode

Weier Wan

H.-S. P. Wong, S. Salahuddin, Nature Nanotech., 2015



LARGE MEMORY CAPACITY:
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* Two dimensional = 3D layers = Store multiple bits
down scaling per memory cell

Inspired by Jian Chen (Western Digital), I[EDM Short Course, 2019



COMPUTE-IN-MEMORY (CIM) USING RRAM
INTERNALLY ANALOG, EXTERNALLY DIGITAL
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WEIGHT-STATIONARY Al INFERENCE
ELIMINATES WEIGHT MOVEMENT
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MULTI-CORE PIPELINED DNN INFERENCE
DENSE COMPUTE, HIGH THROUGHPUT
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| LOTS OF PROGRESS, BUT...

1Mb

1T1R 1Mb 1T1R

ReRAM-CIM Macro ||2.5mm EEE

8 x128 Kb | (nc. Test Mode)

(Inc. Test Mode)

3mm

control logic
(DTOP)

W.-H. Chen et al., ISSCC 18’ C.-X. Xue et al., ISSCC 19’

J.-H. Yoon et al., ISSCC 21’
OI

 Few work simultaneously addressed efficiency, versatility, and accuracy
* Results were partially simulated (rather than fully measured)

 Demonstrated tasks lacked complexity and diversity
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RRAM-CMOS MONOLITHIC INTEGRATION

= CMOS & M1-M4 fabricated using a
commercial foundry 130 nm process

= RRAM & M5 integrated using a research
lab process

I CMOS access
= transistors

————

e

oz
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CHALLENGES FOR RRAM-CIM CHIP DESIGN

Fundamental
Design
Trade-off

ENERGY-EFFICIENCY
Limited by peripheral circuits (e.g. ADCs)

RECONFIGURABILITY

Re-programming weights is expensive

INFERENCE ACCURACY

Analog computation susceptible to device &
circuit imperfections



FULL-STACK CO-DESIGN

Algorithm

System
Architecture
Circuit

Technology

3M éf*%t\%s
12K neurons

W. Wan et al., Nature 2022

ENERGY-EFFICIENCY
Highest among RRAM CIM chips

RECONFIGURABILITY
CNN, MLP, LSTM, RBM, etc.

INFERENCE ACCURACY

Comparable to software model with
4-bit weights
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ENERGY-EFFICIENCY

Open-circuit voltage-mode sensing scheme

RECONFIGURABILITY

Dataflow reconfigurability realized by Transposable Neurosynaptic Array

ACCURACY

Non-ideality-aware DNN training & fine-tuning



ENERGY-EFFICIENCY

Open-circuit voltage-mode sensing scheme



OUTPUT SENSING SCHEME
KEY TO ENERGY-EFFICIENCY
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OUTPUT SENSING SCHEME
KEY TO ENERGY-EFFICIENCY
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depending on the sensing scheme
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I CONVENTIONAL CURRENT-MODE SENSING

SL1

SLO
(BLO V.4 = Drive all BLs to V.4
0% » Af( Af(
£

l WL0_Gnd = Clamp SLs to V¢

[ BL1 Vread

1 - »
lwLi L

/\;“{ = Activate WLs with “1” input
A

= Sense SL current as output of MVM

VrefT l I, Is; = (Viead — Vref) Z XiG;
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I
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Current ADC




I CONVENTIONAL CURRENT-MODE SENSING
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1%

| SLO SL1 !

( BLO read »: /\;S( /\ﬁ |
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[ BL1 read : :
> Jf f :
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il

N Mux 7

VfP—fT l ls,

Voltage Clamp
I

Current Mirror

Current ADC

= Current flows in array during A/D conversion
= ADC: latency grows with precision

= NN models require > 4-bit activation precision

= High energy consumption
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I CONVENTIONAL CURRENT-MODE SENSING

0n "BLO V.., /\;x( /\;xr = Activate many rows in a cycle (“row-parallelism”)
| WL0_Gnd A A —> Large |,
" BL1 Vread . /\;‘( /\;&( — Peripheral circuits need large transistors
1"1 wil_ L A A = To pitch match with dense RRAM array,
_ I- L -I I‘ ~I- ) peripherals time-multiplexed by many columns
| ON\__Mux__~ - limits “column-parallelism”
VfEfT l ls,
Voltage Clamp | 1 =3 [ jmited throughput

Current Mirror

Current ADC
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OPEN-CIRCUIT VOLTAGE-MODE SENSING

SL1 = Pre-charge SLs to V,
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| OPEN-CIRCUIT VOLTAGE-MODE SENSING
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| OPEN-CIRCUIT VOLTAGE-MODE SENSING

Voltage| [Voltage 05 1.0 15 20 25 3.0
ADC ADC Time (ns)
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| OPEN-CIRCUIT VOLTAGE-MODE SENSING
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| OPEN-CIRCUIT VOLTAGE-MODE SENSING
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| OPEN-CIRCUIT VOLTAGE-MODE SENSING

X BLO i’refl SLO- L " Pre-charge SLs to V
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VOLTAGE-MODE MATRIX-VECTOR MULTIPLICATION
(MVM) CHIP MEASUREMENTS
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ENERGY-EFFICIENCY BENEFIT
DUE TO SHORTER ARRAY ACTIVATION TIME

* Includes only energy from RRAM array

SLs settling time distribution - =

— (latency from existing =

: = 7.81f) 10 ns implementations?® 2223, 26,29) <
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THROUGHPUT BENEFIT
ROW PARALLELISM + COLUMN PARALLELISM

o SLO SL1
BLO ?’fef
0*{ I
WLO -
Buv“—":* Vica No need for large transistors
1"{ L or time-multiplexing
WL1
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RECONFIGURABLE VOLTAGE-MODE NEURON
VARIABLE-PRECISION ADC + VARIOUS ACTIVATION FUNCTIONS

Analog Digital
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RECORD ENERGY-DELAY-PRODUCT (EDP)
MEASURED ACROSS VARIOUS COMPUTATIONAL BIT-PRECISIONS

Nat. El. 19’

- T Nat. EI. 21
g 100 ISSCC 19 Nat. El. 21’ 22 nm
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2 © o
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MVM input bit-precision
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RECONFIGURABILITY

Dataflow reconfigurability realized by Transposable Neurosynaptic Array



RECONFIGURABLE FOR DIVERSE Al MODELS
RECONFIGURABLE FEATURES ACROSS FULL STACK OF THE DESIGN

Reconfigurability Diverse model archltectures Diverse applications

_____________________________________________________________

Visual perception
ar horse deer bird

=

Audio recognition

. Computation granularity

. Data-flow direction

. Computation bit-precision

. Input/output dynamicrange; | ||_. RNN/ ! an ies” oV
: L . T u||‘||n-u--m|‘|m-||m-|| pl—> |«
: L 1STM L [\ UP" “down

e o o o — — — — e e e e = —— T e e e e o o o e o o —— —



MULTI-CORE WEIGHT MAPPING STRATEGY

NeuRRAM Chip (48 cores)

-1 Llayer>1 core \
Duplicate to
Neural Network Model (2) l:':""'tlliﬂt-.‘ cores for
igher throughput
Wi 3 Combine layers
Layer (3) — m
Weight :
W Mapper |; Re-arrange to > 2
(4) F--| One core for 2
W b| higher utilization
3
? | pivi ltiple
(5) |--| Divide tomu p
b| coresfor parallel
execution L J
.. (6) | a i b _ -

g
6 columns



RECONFIGURABLE DATAFLOW DIRECTIONS

Forward Bi-directional Recurrent
MLP, CNN Back-prop, RBM RNN, LSTM

=1 |31 |=
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CIM IMPLEMENTATION W/ LARGE OVERHEAD

Forward Bi-directional Recurrent
MLP, CNN Back-prop, RBM RNN, LSTM
I W |
2>10p RRAM Buffer | |9 RRAM
Ol|> >
~ |,/ RRAM QD¢ Weights memory’Q-’ Weights
o Weights
v 4 ¥
{ DACs
ADCs AlDCS

i 7 .
Duplicate expensive ADCs Data moves outside of array
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TRANSPOSABLE NEUROSYNAPTIC ARRAY (TNSA)
PHYSICALLY INTERLEAVES RRAM WEIGHTS AND CMOS NEURONS

e ————————— — — — — — — — — — —

RRAM Weights CMOS Neuron
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e =
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—_—
e

I
7 i |
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Neurosynaptic j,’g A Fi B &l & o} Z
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2, | & ey - S
N\, A "X I : I
: | . |
ISL[0.255] \\\ | . . 240 |
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SL Registers < =N : ek A & :
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LFSR PRNG Nl o 15 16 31 240 255 |
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RECONFIGURABLE MVM DIRECTIONS
FORWARD (BL->SL)

= |nput phase === Qutput phase
neuron neuron

input output Operation
port port

BL SL SL Forward (BL-=>SL) MVM

BL Registers

BL/WL Drivedrs

5,
Neel

SL Drivers

_|
v SL Registers
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RECONFIGURABLE MVM DIRECTIONS
BACKWARD (SL->BL)

== |nput phase === Qutput phase

Iy v

P
gt/;)on Neurok

N

O
q

BL/WL Dri

vlers
y

BL Registers

pulse

input

neuron
input
port

neuron
output
port

Operation

SL

BL

BL

Backward (SL=>BL) MVM

L Drivers

SL Registers
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RECONFIGURABLE MVM DIRECTIONS
RECURRENT (BL->BL)

== |nput phase === Output phase

[oLp
!
N—
Sf?ort )Neurok
—

BL Registers

BL/WL Dri

neuron

input
port

neuron
output Operation
port

BL

SL

BL BL Recurrent MVM

SL Drivers

SL Registers
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ACCURACY

Non-ideality-aware DNN training & fine-tuning



ANALOG MVM NON-IDEALITIES
IR DROPS

PAD—-AW~rt

Weier Wan



ANALOG MVM NON-IDEALITIES
RRAM CONDUCTANCE RELAXATION

PAD

Core N

Corel

-

”
-~

During programming

2000

1500

1000

500

0 10 20 30 40
Conductance (uG)

30 mins after programming

2000

1500

1000

500

0 10 20 30 40
Conductance (uG)
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ANALOG MVM NON-IDEALITIES
LIMITED ADC RESOLUTION

PAD

Core

N

Corel

s

o

—r
- .
— e - -
”—I\-—_-_----I\~~~\
N\
ADC ADC
ouT ouUT 4

L
L ———

ADC discretization levels

4 N

clippin
error

0.6 0.7 08 09 10 11 1.2
Input Voltage (V)

g
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ANALOG MVM NON-IDEALITIES
CAPACITIVE COUPLING INDUCED OFFSET & VARIATION

PAD

Actual Output

= N

o N B

ADC 1
ADC 2

-4 -2 0 2 4
Ideal Output
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NON-IDEALITY-AWARE MODEL TRAINING
MODEL LEARNS TO ADAPT TO NON-IDEALITIES TROUGH TRAINING

Quantize ~
™ AN
Inject noises that emula:ce///l 1. ‘ quant:f input & OUtIIOUt
RRAM conductance Quantize of each layer ’.co em.u at.e
. . B w DAC & ADC discretization
relaxation into weights 2
during training Quantize

1 34 |




NOISE INJECTION IMPROVES MODEL’S
NOISE-RESILIENCY

CIFAR-10 Classification Using ResNet-20

00 B simulation
(o}
a 87.81% B Measurement

(o}
> 85.99%
o 86%
5
O 84%
<
S 82%
E 80%
e (o}
.5 /;
@© /]
(@

26% 25.34%
19 1
Ideal Software Simulate w/ + noise-resilient
(64-b weights, non-idealities training
3-b inputs) (iv)-(vii) (simulation)
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SIMULATION # MEASUREMENT
SHOWS THE IMPORTANCE OF HARDWARE EXPERIMENTS...

CIFAR-10 Classification Using ResNet-20

90%

889, 87.81%
0

>

S 86%

=

8 84%

S 82%

Icat

80%

if

A\

Ve
/7

Class

26%

25.34%
N

85.99%

B simulation

B Measurement

83.67%

|

24%
Ideal Software
(64-b weights,

3-b inputs)

Simulate w/ + noise-resilient

non-idealities

(iv)-(vii)

training
(simulation)

chip
measurement

Due to non-idealities
that were not
modelled accurately
in simulation
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CHIP-IN-THE-LOOP PROGRESSIVE MODEL
FINE-TUNING Step n Step n+1

Layer 1 Layer 1
Weights already |: '
programmed on chip | |
Layer n-1 Layer n-1
Program the weights of Layer n Layer n

' _ |__a_y_e£ _nj-l_ _ _: Layer n+1
Use the measured I;_I_l___Ei__' :-——L-—’- —+—2-—,
outputs from layer-nto L - ayernts L Leh/all e |
finetune the weights 1 1 1 1

of the rest of layers \—___L_E_L___I r___l__E_I____I

(not on chip yet)



FINE-TUNING RECOVERS ACCURACY LOSS

87%
85.99% With Fine-tuning
86%

85.66%
86%

85%
1.99%

Classification Accuracy

85%
Without Fine-tuning
84%
84%
’ 83.67%
83%
QO O 4 aNN N < 1D O N OO O JI AN N < 1N O N O O W
c > > > > > > > > 2 2dEd A A A A A A dA dJ AJA v
O € € € € € c c ccc >>>>>> > > > > > €
- O 0O 0O OO OO 0O OOTCcCcccccgcgccgccoccocw
O O 0O OO LVUOUOOLVUOULUOLU O O O O o o o o o o on
O O O O O O O O O 0O O
Chip-in-the-loop Fine-tuning Layer
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CHIP MEASURED INFERENCE ACCURACY
COMPARABLE TO SOFTWARE MODEL W/ 4B WEIGHTS

B Software model (4b weights) [l Chip measured results Software model (3b weights)

0% 18.7% | oSy Images:12.20_ ), o
| 99
- O 15.7% -3
5 15% (3% s 70% 5 8
g c 13.0% reduction 8
o &
g 10% ) 6 ¢
o S « 389 368 397 W) S
Gl 2 5% 3 S
S 1.0% 1.0% 1.4% i)
0% | 0 2
MNIST CIFAR-10 Voice Command Image Recovery
Classification Classification Recognition (RBM)
(CNN) (ResNet-20) (LSTM)
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SUMMARY

Algorithm

System
Architecture
Circuit

Technology

N u 8 B

W. Wan et al., Nature 2022

ENERGY-EFFICIENCY
Highest among RRAM CIM chips

RECONFIGURABILITY
CNN, MLP, LSTM, RBM, etc.

INFERENCE ACCURACY

Comparable to software model with
4-bit weights
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FUTURE?

= Device Technology

= Density ever reach DRAM-level?
= Yield for MLC?

= Analog Compute
= Robustness against non-idealities and PVT variation
= Desigh overhead?

= System-level Benefits
= QOvershadowed by other components?

= Computing Model
= Can we make it transparent to software developers?
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Questions?
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