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»OXRAM to implement HW synapses:

= high density
= online learning
= |ow power consumption




sl Synaptic plasticity in biology
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Sl Simplified plasticity models
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Ml State-of-the -art: RRAM synapses
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I8 Objective
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1. How to implement Short Term Plasticity with
non -volatile OXRAM ?

2. Is STP (i.e. ‘volatile’) useful for learning?



 Introduction
» OXRAM synapses and STP



48 Multilevel OXRAM synapses
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= Binary OXRAM cells in parallel - (N+1) levels
= Switching probablility - gradual tuning
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Read more: D. Garbin et al., T-ED, 2015 | /\ #
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318 OxRAM test vehicle
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» 64kbit HfFO , OXRAM array integration
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- Electrical data from Leti MAD wafers: A. Grossi et al., IEDM 2016



I8 Set: HRS2>LRS
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8 Short Term Plasticity (STP)
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STP depends only on presynaptic activity
and is volatile

-> Impact for high spiking frequencies
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'l STP implemented in OXRAM
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Impact of p o
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 Introduction
e OXRAM synapses and STP
» Co-Implementation of STP & LTP
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48 Connecting STP with LTP
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348 Circuit for co -implementation
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Iin (t) — Ymax9 Vread,LTP (t) — Vin (IlO STP impact)
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leti
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v Introduction to Synaptic Plasticity

v OXRAM synapses

v  Co-implementation of STP & LTP

» STP impact on Spiking Neural Networks
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8 Visual pattern extraction
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O. Bichler, T-ED, 2012
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o Additional noise introduced by random
spiking activity of retina

+20 %Noise
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38 Noise iImpact
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Detection Rate (%)

Thanks to STP: DR and FPR strongly improve In
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318 Decoding of neural activity
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ol Noisy input data

-> Signal-Noise -Ratio of artificial data varied
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3@ STP effect
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v Introduction to Synaptic Plasticity
v OXRAM synapses

v  Co-implementation of STP & LTP
v Spiking Neural Networks

» Summary
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MR Summary
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v’ Bio -inspired system with  non-volatile OXxRAM
synapses to reproduce Long and Short Term
Plasticity

v Short Term Plasticity achieved with:

v 1 additional synapse per input neuron
v 10 binary OxRAM cells per synapse

v Adding STP to LTP allows to suppress noise
and improves learning -» strongly reduced
False Positive Rate (50% @SNR~3)
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