Advancing Technology '
for Humanit

CAS

Fundamental Limits on the Computational
Accuracy of Resistive Crossbar-based
In-memory Architectures

Saion K. Roy', Ameya Patil?¢, and Naresh R. Shanbhag’

1: University of lllinois at Urbana-Champaign
2: Amazon Lab126

2022 IEEE International Symposium on Circuits and Systems
May 28- June 1, 2022 Hybrid Conference



Outline

= |ntroduction
= Resistive Crossbar Architecture
= Behavioral Modeling

= Simulation Results

= Model validation
= Compute SNR analysis for MRAM, ReRAM, and FeFET crossbars
» System level accuracy of ResNet-20 on CIFAR-10

= Conclusion



In-memory Computing (IMC)
first IMC concept paper (ICASSP 2014)

AN ENERGY-EFFICIENT VLSI ARCHITECTURE FOR PATTERN RECOGNITION

compute memory
VIA DEEP EMBEDDING OF COMPUTATION IN SRAM
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Resistive Crossbar Architecture

voltage-drive current-sensing crossbar ., computes a MxN matrix-vector

differential inputs mUItiply (MVM)
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Behavioral Modeling

» signal current in SL
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Results — Model Validation

SPICE simulations in a 22nm process

N = 512,Rs = 3160, 6b ADC = DAC input: signed 5b with
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Results — Compute SNR Analysis
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Results — SNR Dependence
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System Level Accuracy Prediction Set-up

Proposed SNR analysis
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Results — System Level Accuracy Prediction
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Baseline ResNET-20 on CIFAR-10: 5b input ternary weights, accuracy = 84.94% (3-layer network)
3 Crossbars: N = 144, 288, 576; Ry; = R3;; sweep (Rs,, Rg3)

SNR analysis predicted crossbar design achieves system-level accuracy to within 1% (exhaustive
search) to within 2% of digital baseline value (84.94%)

bank-level SNR is a good proxy for network level accuracy - SNR analysis bypasses trial & error
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Conclusion

e proposed an analytical framework to obtain SNR-optimal resistive crossbar
parameters — avoids expensive trial and error
e insights provided by the framework:
e SNR-optimal sensing resistance R; exists which equalizes the clipping and
guantization noise in the column ADCs
e system level inference accuracy is maximized when bank-level compute
SNR is maximized
e increasing device resistive contrast improves SNR up to a point (~12-15).
Diminishing returns due to mismatch (input DACs) and variations (device
conductance)

e proposed framework can be extended to other resistive IMC and devices
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