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Motivation: Al Applications & Edge Computing
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Motivation: Computing Limitations

Huge amounts of data processing in real-time.

~ 6 GB of data every 30 seconds
Prototypes use ~ 2500 Watts !!
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~ 60 k searches every second
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Convolutional Neural Networks: CNNs

= CNNs provide state-of-the-art accuracy for wide range of tasks.

Deep CNNs: 5-1 000 CONV Layers 1-3 FC Layers
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» CNNSs basic operation is dot product or multiply and accumulate (MAC).
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CNNs: Major Challenges

= Computation Intensive
» Millions of MAC operations
» Energy Intensive

= Data movement to/from memory
» Massive continuous data movement between computation and memory
» Substantial energy and speed penalty

* Hardware Reuse
» Long latency
» High energy



How to Improve Computations?

Improved Circuits, System Architectures
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Scalable Multi-Chiplet-Modules + Data Flow + Data Statistics + Sparsity Optimization
SparSity Optimization Link Clock  Core Clock = Configuration Bits Accelerator

[—System Contruller;_ . Fe—— E Top-Level Control Conflg Scan Chain 12x14
»'J—cc?ﬁyarcizfzo’“— ' Eilter PEAmay | Processing
HIE e Element
HIH 5 MELOM = = = =
[ Chip-to-Chip Li :—| é Cj msLom 2 I»‘q : Ifmap
ip-to: ip Linl H £ = 1 ]
B £ || sTsram Array = H TR MAC

Clock Gen | Il_n‘:‘: z : Control

Dai
©2CLink e

Limited by Technology

I t u
m I ove m e n ] 8T
g
| PR ]
o =
}4 8T ==
3 -t
A0 el a %
&2 2log
sk 5l|8s
|
RO L _|_<"—° _L'—- Dz - § E{gg Activation Memory § o3 o RWL[n-1] = M
T ] 5| B23 (L1)256KB £ S I W W T
= =
H i 3 E g RWLIn] L8T T8T 87
%vw«w %:vw, Digital [ —— —
complemen
WFD Amps PE Array compmmg (AIMC) c2PU . ; 4—]
16x16 520512 5= — e F;"“"“;'Dg “""(Clz;;’ Vs
W, W, = S EY utput Combiner
vil ANU #0 |»vm.1 v.zl ANU #1 |»vmm MagEnoling SIMD 52 0
CPU Digital Core Analog Core

AHUs Qutput Buffer




How to Improve Computations?

Enhanced / New Devices

Limited by Process Variations

Q New Innovations Required

eed.
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Proposed Fully Parallel CNN Hardware

= Architecture Parallelism

» Map all storage and computation hardware on chip to generate
the e e e .

> Re

Lay Area — Speed tradeoff

COl

Dense & Energy Efficient MAC Cells



Proposed Solution

RRAM Technology Novel Analog Circuits Parallel Architecture
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New Device: Resistive RAM (RRAM)

* Dense (< 60nm x 60nm)
* Non-volatile

* Programmability into one of 2 states —
> High Resistance State (HRS > 100k) o /5
» Low Resistance State (LRS < 1k)
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Computation in RRAMs (1T1R Configuration)

* RRAM In crossbar array
» Perform MAC operations in parallel
» Energy efficient

= Access Transistors

» Address RRAM cells by activation
of word- and bit-lines.

WL Decoder

= ADCs/DACs

» Interface array with buffers and
digital processing.
»>80% of system power and area.




Major RRAM Challenges

* |-V Non-linearity 107 RESEL= e
> Limits overall accuracy i
» Difficult for multibit weight implementation
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= Resistance Variations Voltage V[V]
» LRS= 800Q -2kQ, HRS = 10kQ -100kQ
» Finite Roff/Ron ratio (~10)

* Limited Endurance
> < 10° set-reset cycles before permanent write failure



Proposed RRAM + MAC Cell

Conventional IMC 1T1R Proposed NMC
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= RRAM cell turns on/off MAC transistor.
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Proposed RRAM Cell

* RRAM cell turns on/off MAC transistor.
»RRAM Cell Output = VDD/0 depending on the RRAM State (HRS/ LRS)
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Proposed Pulsed RRAM Read

Vbp INV:Vout is VDD or GND
;— Vout independant of RRAM variations
CTRL ? OVim OVinz OVinX
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Ve
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C = = =
?—_t-r MAC Cells

= Read once at start of the operation
No static power and leakage power.

= RRAM Cell output can be shared with many MAC cells.
» Reduce number of RRAM cells on chips.

* RRAM Cell output independent of RRAM variations
» Works with 50% RRAM variations and Roff/Ron down to 5



Analog Multiplication by n-bit Sighed Weight

= Differential MAC cells + Current e MAC Cel
Subtraction L
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Proposed RRAM + MAC Cells

» Linear Operation
» Improves overall MAC accuracy.

* Robust against Variations
» Works with 50% RRAM variations.
» Works with finite Roff/Ron ratio (>5).

= Low Power
» Duty-cycled RRAM read operation
» MAC power scales down with IN/W sparsity.

= Small Area

» Dense = implement large number on-chip.
» RRAM cell output is shared with many MAC cells.




Analog Computations

Conventional Analog-Mixed CNN Proposed Analog CNN Computations
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Convolution Layer Implementation
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Fully-Connected Layer Implementation

* All outputs are connected
to all inputs
> N Filters to generate N outputs.

= Circuit implementation is

to store filter weights.

similar to CONV. layer.
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Low-Power Analog Circuits (I-Sense + TIA)
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Low-Power Analog Circuits (Pool)
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Fabricated Die Photo

= SkyWater 130-nm Technology _ 1.28mm
» Monolithic 3D (Si + RRAM) L2
» First design + tape-out of US Foundry RRAM

* Two Successive FC layers
> 164 kbit RRAM Cells + 33 k MAC Cells

:’
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i
i
|
|

| s
l
L1: FC L2:FC ‘
No of sub-arrays| 64 No of sub-arrays| 10 dalis
Subarray RRAM | 513 x5 Subarray RRAM | 65 x5 1B
Subarray MACs | 513 Subarray MACs | 65 .
GOPS 1223 GOPS 24.21
Area (mm?) 20.9 Area (mm?) 0.44 Area Breakdown

» RRAMs + MACs area ~ 24% of

Routing/others

whole system area. 3%
> RRAM + MAC den S|ty . TIASRG Butter
eff|C|ency = 240 GOPS/ mm2 Dlglta‘l‘;)o;)coders

24
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Experimental Measurements Results

1- RRAM Programming
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Experimental Measurements Results

5- MAC Cell + Analog Computing 6- Fully-Connected Filters
(1IMAC + TIA+ Isub+ ReLU+ Buffer) (1 filter = 64MACs+ 320 RRAMSs)

|

7- Power, Energy, and Speed ey T
» Verify the power/speed measured numbers with gzn '
circuit simulations and models. > VDD }
» Voltage scaling for higher energy-efficiency. i 1 —

03 04 05 06
Time(usec)



Measured Performance Summary

This Work ISSCC’ 19 [1] VLSIC’22 [2] ISSCC’22 [3] ISSCC’22 [4]
Technology 130-nm 55-nm 40-nm 40-nm 40-nm
Voltage 1.53V 0.9V 0.9V 0.8V-1.1V
nbits/RRAM Cell 1 3 1 1 1
On-chip RRAM Capacity 164kb 1Mb 64kb 2.25MB 64kb
L1(FC): 513x64x5b 8 Subarrays L1: 256x256x1b 288 modules
L2(FC): 65x10x5b =8x256x512 L2: 256x256x1b =288x8KB
Input/output Precision Analog Digital Analog Digital Digital
(4b accuracy) 2b/3b 1-8b/ 32b 1b/4b
Weight Precision 5b (4b+1b sign) 3b 2b 1-8b 1b
Column Sensing Scheme Integrating TIA 1b SA PWM Conversion ADC Flash 4b-ADC
Frequency 1.7 MHz - 100MHz 192MHz 64MHz
Throughput (GOPS) 1 207.9 (Analog 4b/5b) 8361(2b/3b) 13.93 (Analog 8b /2b) | 3880.96 (4b/4b)
BitwisgIhroughput? laa  22:07 TOP : 24.5TS . 222.88 O . 7.96 0" 5.44 GOPS
Bitwise Throudem iG] Y - = 1AM VY ICOIYLE Al iU HTLENOVUG: 5 Tops/Mmb
Bitwise Density Efficiency 101.4 - 360 650 201.48
(GOPS/mm2)
Power (mW) 9 0.504 131.26 0.2
Bitwise Energy Efficiency (TOPS/W) 230 131.4 431.52 60.64 26.56




Scaling to a Fully-Parallel Architecture

* CNN for CIFAR10 image classification

» 4 CONV. Layers + 2 FC. Layers
» 638 kbit RRAM cells for CNN weights.
» 7.6M MACs, 31k RelLU, and 7.5k Pool.

» Parallel Computing

» Just 1 clock cycle to generate outputs
from each layer.

» No SRAM to store activation and
Intermediate data.

» Much faster classification.
» Get the classification in 6 clock cycles.
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CNN Estimated Performance Summary

Metric This work JSSC’18 [6] IBM TrueNorth [7] BinarEye [8] FINN [9] JSSC’21[10]

Tech. (nm) 130 28 28 28 28

Voltage (V) 1.8 0.6V/0.8V 1V 0.7V - 0.8V

ML. Algorithm CNN (6-layer) CNN (9-layer) CNN CNN (9-layer) |CNN (9-layer) |CNN

ML. dataset CIFAR10 CIFAR10 CIFAR10 CIFAR10 CIFAR10 AlexNet

Computation mode Analog, near memory | Mixed-signal Neuromorphic Digital Digital Digital

On-chip memory 80kB RRAM 328kB SRAM - - - 3MB RRAM
32Kb SRAM3

# bits/weight 5b (4b+1b sign) 1b 1.6b 1b 1b 1.5b

# bits/activation analog 1b 1b 1b 1b

Clock Frequency 1 MHz 10 MHz 10.6 MHz - 120MHz

Throughput (TOPS)1 2.5 0.48 - 0.48 2.5 0.123

Speed (Frames/sec) 143k 237 1.25k 945 21.9k -

Classification Power 400mW 0.9mW 204.4mW 3. 7mW 3.6W 127.9mW

Classification accuracy |84% 86% 83.41% 82% 80% -

Classification Energy 2.4uJ 3.8 ud 164 ud 3.8 uJ 164 ud -

Energy Efficiency 6.3 533 - 132 0.7 0.96

(TOPS/W)

Active area 621mm*2 6mmA2 - 2.3mm"2 FPGA ZC706 |10.8mm"2

Energy-delay product2 1.4e-11 1.6e-8 1.3e-7 4e-9 1.16e-8 -

>1.6X better Energy, and >350X better EDP




Key Message

* Analog Near-RRAM Compute
» Linear MAC operations
» Low-power RRAM read
» Robust against RRAM variations

* Analog Computations
» No ADCs/DACs between CNN layers
» Energy efficient computing

* Architectural Parallelism
» Tackle bottleneck of data transfer to/from memory.
» Faster operations
» 350x better energy-delay product
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Thank You!

Questions?
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Motivation: Computing Limitations
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Scaling to a Fully-Parallel Architecture

= Transient Simulation

Layer 1 Layer 2 Layer 3
Output Output Output
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Conv Layer1 256 output
+Pool 1 Analog Voltage
16 x 256 Activationsgey -——~~- yv

Conv Layer 2 +Pool_2: 32 Filters
36k MACs/Filter, 144*5b RRAMSs/Filter

32 x 64 Activationsyy -=---- v

Conv Layer 3+Pool_3: 64 Filters
18k MACs/Filter, 288* 5b RRAMSs/Filter

64x 16 Activationsgy -—---- jui

Conv Layer 4+Pool_4: 128 Filters
9k MACs/Filter, 576* 5b RRAMs/Filter

128 x4 Activations {§ ------ *‘

=
=
P
=~

FC Layer 5: 64 filters
512 MACs/Filter,
512*5b RRAMSs/Filter

64 output voltages

& FC Layer 6

64 Analog

MAC Cells

[ RRAM Decoder |

512 flattened outputs

TIA
+Buffer -

41

YYYYYYYY

10 CNN OQutputs




CIFAR 10: Proposed Model (Accuracy = 83%)

Layer Input Output # Weights # MACs
Activations Activations

Conv1 : 16 (3x3) 32x32x3 32x32x16=16k 16x3x3x3=432 432k
Average Pooling 16x16x16
Conv2 : 32 (3x3) 16x16x16 16x16x32=8k 32x3x3x16=4.5k 1.125M
Average Pooling 8x8x32
Conv3: 64 (3x3) 8x8x32 8x8x64=4k 64x3x3x32=18k 1.125M
Average Pooling 4x4x64
Conv4: 128 (3x3) | 4x4x64 4x4x128=2k 128x3x3x64=72k 1.125M
Average Pooling 2x2x128=512
FC1. 512--64 512 64 9512x64=33k 33k
FC2: 64--10 64 10 640 640
Total 30k 128.5k * 5b= 642.5kb 3.8M




Analog Circuits Noise

« Represent mean & sigma of analog computation noise as a percentage of the whole output
voltage dynamic range.

* Inject noise as a percentage random variation of output activations in the inference model.

Noise Extraction from simulations

CONV
Layer Mean RMS Noise

CONV1 |0.17% |2.3% (Analog MACs)
POOL1 |0.017% |0.16%
CONV2 | 0.02% |2.3% Yy vyl
POOL2 |0.16% |0.11% ¢ :‘Y (JLA? -
CONV3 |0.17% |2.9% ReLU
POOL3 | 0.15% | 0.1% EEEEERN
CONV4 -0.12% | 4.1% Pooling
POOL4 |0.15% |0.1% 1
FC1 0.33% |6.2% Accuracy loss < 1.5%
FC2 0.08% | 4.7%




Convolutional Neural Networks: CNNs

= CNNs provide state-of-the-art accuracy for wide range of tasks.

Deep CNNs: 5-1 000 CONV Layers 1-3 FC Layers
\
Low- Level High-Level cl
Features Features asses

= CNNs basic operation is dot product or multiply and accumulate (MAC).

Input fmap Output fmap
- Filter ]
E
= . ® = 5
<_> <—>
S F

\

< > C=IN channels

cC S R
Y(EF) 7771N(T+E3+Fc) *W(r,s,c)
c=1s=1r=1 x

Output Layer Input Layer Filter weights




Proposed RRAM Cell

* RRAM cell turns on/off MAC transistor.
»RRAM Cell Output = VDD/0 depending on the RRAM State (HRS/ LRS)

RRAM Cell Voo RRAM Cell

Vb ;[)'
CTRL

E% V(|)n <§E V(!)n

Vrr VG &E) % Vrr VG o

- G N <
s Do_ [ ) 1l S
[nxﬁ llout = ?__t-rc llout
Resistive Divider + Inverter Switches + Capacitor + Inverter

Static Power Consumption Low Power Consumption



Proposed Pulsed RRAM Read

Tread_refresh

Vbp INV:Vout is VDD or GND ¢ A
;— Vout independant of RRAM variations [
RST_ 7z
CTRL o OV|n1 OV|n2 OVinx . /4

RRAM 3 b1 lm llx CTRL — [ ] #

Vrr Ve L : . Vi >Vth : :
Vrr (RRAM LRS) / VS \! /
RST — Vrr (RRAM HRS) : ;

C ) [ -
?-.‘L:r MAC Cells VG (RRAM HRS) DD

Vv
) VG (RRAM l:,RS) \ GND [

= Read once at start of the operation
No static power and leakage power.

= RRAM Cell output can be shared with many MAC cells.
» Reduce number of RRAM cells on chips.

* RRAM Cell output independent of RRAM variations
» Works with 50% RRAM variations and Ron/Roff down to 5



Convolution Layer Implementation

| Input fma -
- = | lmeutfmap o utimap | Fiter1
T J 0 WA1,1
W2,1
Convolution| | Activation B K=32x32 Y=max(0,x) W3.1
- R L=32x32x3 ip n=3x3x3 -1 ] ’
E "M, -1 0
2*(27) MACs/out pixel
27 Wn-2,1
/ Wn-1,1
Vin Oyt tve —> + Whn, 1
W o= MAC 11 > | T ANV >
lout=11-12 J- _OVR L
2‘7/, 12 - eLU
g >| Vo
- comp
Vin o MVAe\C 1l
W Omaed RelLU

4x256=1024-MAC Arrays

———<——o X1
——<——X2

——<«—X3

L-Analog Inputs

X
—
N

X
(o

——<«—oXL

Sl
RRAM Array v |
[Read CTRL ] -

I —
CT XX ;5 ]
(e e e e ]
CH N i ]

2,

Ol

o
N
[aV

Il

<
eee el ]
oee s el [
CET TN ;i (I |

1 . L
DRelég\cl}{elr |T|A:+é'eLu||]
Pool+Buffer l
v

M=16x16-Analog Outputs



Low-Power Analog Circuits (I-Sense)

Vin O] e o
W | MAC RelLU

37/-
Vin 0= TVE > [
W Ol MAC 11 VT|A
| —1 TIA +
lout=11-12 J' VReLU
2 12 n €
< Oo—
= Vcomp
il

» Differential Current Sensing
» louwwa LW Vi

» Opamps to regulate the MAC
transistors’ source terminals.

» Mirror and scale currents down.
> Low Power
» Relax TIA requirements.

+ve MAC Cells

VG0 2 po¥
WL T§—»

V
1 bi2l
2WILT ¢ —»

Y
G239 oy
AWLT Y —»

Vv
G337  p3eal

eWLT v —»¥ B

nl*__

Current Subtraction & Scaling
Vbb

EF—IE_

\4_-“_<—0Vb

1:1

-ve MAC Cells

[
[
Veol por ]
WL T§—»
Y,
12 b1
Vi 2WLT v —» B
n V
G237 o4l 1
AWLTE —»

Vv
37 b3l J
sWLT ¢ —» [

B ‘LlIZ

b1/k

Vb o—>_||-_>|
N lout=(11-12)/k
—>




Low-Power Analog Circuits (TIA)

37/-
W Ol MAC 11 — TlA VTIA ;
) 2 lout=11-12 J' VReLU
7 12, o—| -
- Vcom
Vin ommd V€ P "
W O] MAC { RelLU

» Current-Integrating Capacitive TIA

»Lower noise and power vs resistive TIAs
» Small area

» Controllable and high gain

Loyt
Vour = z'_u * Teerr = Toyt * Grya
f

» Design to support maximum input MAC
currents.

> GBW << 1/T,;,

VX
lout=(11-12)/k

TIA

>\5ﬂ- S&H loVout
$

CLK_S&H

Vout




Low-Power Analog Circuits (Pool)

[ 2x2 pooling, stride 2

]
I -
> 23 7 7 8

V, > V
Vin O] +Ve + X o _> POOL
W omed MAC i _O:‘>VT|A S&H | Vou M U ; POOI 10 1 9 0 10 ]
lout=11-12 Cr 5 Veomp ar —> .
_ —— CLK_S&H " 4
Vin ot Y5 (| 2"
W oe] MAC CONY ™A ReLU - o I

CLK

= 2x2 Average POOL v g G 7o

CEK_b I ' CI:IF
> Summing amplifier configuration. R "
v Cin z - Vin20 /:_r" \V/
pooL = — % ing, CLK b Pool
Cf e1 |||—o/

Vinso o —
» Works as a buffer to drive the following layer. CLK b |

> Design for fast and stable settling. VIS
> Cy stores the analog output. | CLK b | I
II|—°



Future Directions: Analog NMC Processing Arrays

* Analog processing near Memory

Array
» Integrate memory arrays with analog MAC |
arrays - ) 512 Cells/Row = 64 4b-Weights/Row
Elmmw“"[“]'l“’é“ml I.Fi.lte.ri#: n Em[al.

Memory Array
(256x512)

* Investigate different NV memory
devices: MRAM, PCM, FRAM

» 3D integrate memory cells with processor.

* Improve MAC design

256 Rows

Filter_#256
IEEEEER

] Wyase 01 | 17, 256 0]
1 1
+ -
se Amplifiers [BESTEN............

W, 2sal 31 W, s 31
1 1
|

» Non-linear quantization. ‘.

[ aeaes = . T

> Support higher IN/W precision. : —}*
Investigate energy-efficient ‘L :ya

techniques o =
» Pipelining the analog processing arrays.

» Power-gating analog MAC arrays.
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