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Abstract

Efficient hardware implementation and deployment of modern day data-intensive
artificial intelligent (AI) workloads has been challenged by the ‘memory wall’ in the
conventional computing architecture and ‘power hungry’ acceleration units-graphics
processing units (GPUs). This necessitates the exploration of bio-inspired algorithms
and their efficient hardware implementation as well as newer architectures to enable

energy efficient ubiquitous deployment of Al systems.

In this thesis, we propose to exploit the properties of emerging non-volatile memory
(NVM) devices for realization of biologically-plausible spiking neural networks. We
propose a double exponential adaptive threshold (DEXAT) spiking neuron model
that improves the performance of neuromorphic Recurrent Spiking Neural Net-
works (RSNNs). We also present a hardware efficient methodology to realize the
DEXAT neurons and experimentally demonstrate the DEXAT neuron block using
oxide based non-filamentary resistive switching devices. Further, we demonstrate
the performance improvements on two spatiotemporal tasks (a) Sequential MNIST
(SMNIST) and (b) Speech recognition.

We also exploit the in-memory computing architecture to realize (a) area efficient
high precision floating point neural network acceleration and (b) energy efficient
and reliable binary neural network acceleration. For floating point neural network
acceleration, we exploit a hardware array of filamentary resistive random access
memory (RRAM) devices. We map the floating point mantissas of convolutional
layer on 1T-1R hardware array, demonstrate the hardware inference and analyze the
sources of errors. For binary neural network (BNNs) acceleration, we propose to use
a hybrid CMOS-spin orbit torque magnetic random access memory (SOT-MRAM)
device based circuit to realize the XNOR operation in BNNs. We also propose a
pulse scheme for programming the voltage gated SOT-MRAM device to reduce the
write error rate (WERSs) thereby increasing the reliability of the accelerator. We
also exploit another variant of SOT-MRAM i.e. spin transfer torque assisted SOT-
MRAM for realizing an approximate non-volatile content addressable memory that
provides high hamming distance tolerance for DNA classification application. Our
thesis work demonstrates the potential of emerging NVM devices for enabling the

next generation of neural networks and computing architectures.
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3MYFd SeT-Ua A gfge (Artificial Intelligence — Al) BRIMRI (workloads) &
PIA BSIR PRI (hardware implementation) 3R GRS (deployment)
URYRE EIUF aregana (conventional computing architecture) H SURA ‘HHRT dfef
(memory wall) TIT ‘ST —gudar!' (power hungry ) @RI HTSAT (acceleration units)
ST ITfthe WA e (Graphics Processing Units — GPUs) @ gl T AT
AT TSl 81 T8 AT S9-URT et RS (bio—inspired algorithms) &t WIS, 37k
P ISR P AT T aregabenall (architectures) 3 AU Sl TG
1 AT T 8, ORI o1l - Pt & [Tt Al HUTTetdl (systems ) T ARG F9a
2 |

9 MY TEY (thesis) H, B9 Slfdd B F FEIT TTSHT <A ieaad (spiking neural
networks) @I HTBR PR P folg INRCIT g8 AF-aleicigel F9RT (non—volatile memory
— NVM) IRt (devices) & 0T BT ISTANT B BT TG PR &1 89 U SdeT U —
e Jrefied gelies (Double Exponential Adaptive Threshold — DEXAT) TUTgfdT
IR Hied (spiking neuron model) TIA PR &, I —RMHIfthes Repwe FUTIHT =IRel
“egas (neuromorphic Recurrent Spiking Neural Networks — RSNNs) & U&eiH & g-
YR T 81 8 DEXAT REHI Bl HIHR IR Dl U SSIR-HA fafe ot Iega
g 3R sffaargs eneTRa A -fhemcst Yfafkea Rafh fSargast (oxide based non-
filamentary resistive switching devices) T SUIRT &<ech DEXAT =3I &ciich bl TR
®Y § TS PR 1 31, 89 &) TfAA-TFIRS BRI (spatiotemporal tasks) TR HEeH
YR DI U&7 I & (P) HIF-ArIet TIASTETEE! (Sequential MNIST-SMNIST) 3fR
(@) a1 uga™ (speech recognition) |

& ZT-HERI EE‘:C?{%T[ el (in—memory computing architecture) @l SYAN IR
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floating point neural network acceleration), TeIT (&) Joll—PAA R FaFRT FTERI
==l icad (binary neural network — BNN) TRUT Bl HIHR R & | BT UlEe =Rl -
Tad @R & oIy, &9 fhemiest MAfeea ¥ei va 59K (filamentary Resistive Random
Access Memory—RRAM) Jfthall &l T BTSdaR W (hardware array) T SWIRT 3 &
&9 FaIegIFA iR (convolutional layer) & BIfCT Uige HUSHT (mantissas) @ 1T-1R
TR W IR HY IR &, BTSRIR M@ (hardware inference) T U axd 8 iR IfT
& ANl BT IR0 B &1 TFRT ~gRel -cdd @RUl & oy, 8 T gIsfss HHaiH -
& offfde e HAfew Yo7 e BHRT (CMOS—spin orbit torque Magnetic Random
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Access Memory —SOT—MRAM) 3enRa gRuer (circuit) BT IRaTd & &, ST BNNs H
XNOR fhT &7 ITPR PRaT 81 89 dlecoi-TIcs SOT-MRAM TSt &l T e & faiu
U% g AT (pulse scheme) ft TRATRIT @_ct 8, ST @i Ife &R (write error rate —
WER) 1 &HH Bcll & 3R 3 UBR RIS (accelerator) di faaaiaar 7 gy o=t g1 &9
SOT-MRAM @& Udh 31 bR — T YR Tl AAESE SOT-MRAM (spin transfer
torque assisted SOT-MRAM) — @I ft SUANT Feat & A1fh b Afde (approximate )
A -dleicigd dee TsHael F9RT (non—volatile content addressable memory — CAM)
T AIHR BT ST Fop, T SeY affenvor (DNA classification) STTHAN & oy =1 BT
S | (high hamming distance tolerance) UG &<l 8| BART AEhR T8 Hafrd
PRI & fob IWRAT g3 A—dlelersel HART RRAT (emerging NVM devices) 3rTell UIdT &
RS TIcaad 31RO JREGDHE3N DI HaT P Dl 32 H I FHE &l 6
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