Memory devices for neuromorphic
computing

Fabien ALIBART
IEMN-CNRS, Lille

Trad: Toutes les questions que je me suis poseé sur le neuromorphique sans
jamais (oser) les poser
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BNNs vs ANNS

A

Biological neural network

Artificial neural network

NEURON:

* Summation

« Thresholding

* Output activation
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The memory is in the processing unit
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Intro to Artificial Neural Network (ANNS)

Intro to biological Neural Network (BNNS)

Nanodevices for ANNS

Nanodevices for BNNSs

STDP: somewhere In between




W= ANNSs: basics

Rosenblatt, 195,4\
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Practicélly, we can do: Pattern

classification, Clustering,
Prediction...

Pre-neurons

Non linearly
separable
ensembles
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Figure B. A geometric interpretation of the role of hidden unitin a two-dimensional input space.
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« 28x28 pixel array
 10classes
« 7840 symapses

ImageNet Classification with Deep Convolutional

Neural Networks

Alex Krizhevsky
University of Toronto
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Ilya Sutskever
University of Toronto

Geoffrey E. Hinton
University of Toronto
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» Trained with stochastic gradient descent on
two NVIDIA GPUs for about a week

* 650,000 neurons
* 60,000,000 parameters

{ 630,000,000 connections
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ANNS:

* Practical application will required ulra high
density of nanodevices

* Main challenge: GPU or FPGA are serious
challengers




72 BNNSs: neurons
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e response

BNNSsS: synapses
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Learning in BNINS:
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Who fire together wire together, (Hebbs)
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Example, the BCM learning rule:
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BNNSs: learning with STDP

! neocortex-layer 5
Xenopus tectum
hippocampus

Variation of Hebbs rule @
* Unsupervised
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BNNSs:
* No charges (i.e. electrons), only ions
* Slow, with rich dynamics

 Still unsolved issues
— Basics of computing in the brain (coding,...)

— What do we really need for computing (for practical
applictions)




Neuromorphic: Main stream for
vl anodevices

The crossbar structure is the perfect architecture for massively parallel prc

Synaptic weight

output

It is compatible with back end G e

process on top of a CMOS u
substrate top
wire
/ level
1| AR similar

H—J two-terminal

bottom wire level devices at each
crosspoint

via translation layer
crossbar layer Development SoC

CMOS layer

Strukov, PNAS 2009

Footprint 4F2
A~ 1012devices/cm?




NANO FOR ANNSs
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L= 2n2 +1 states

From binary...

.. to multilevel...
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ANNS: synapse, digital or analog?
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Percentage of Cells (%)
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ANNSs: the analog synapse
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Voltage (V)

Voltage (V)

« 50x50 pasive crossbar array
! - Binary operation (multilevel, more or less)

CBRAM technology
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Bottom electrodes
Current, / (uA)
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ANNSs: implementations
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ANNSs: implementations
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ANNSs: implementations

Record density 4Mb
« Binary only

* 100nm half pitch

* Fully functionnal!
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Nano for ANNs

« Still a huge gap betwen requirements and what
IS available (from the memory perspectives)

* Do we need learning (I.e. smart memory) or
pure memory (i.e. storage + analog)

» Co-integration still not demonstrated




NANO FOR BNNs
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BNNSs: synaptic plasticity (2)
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Nano for BNNs

 Still very emerging

* No clear idea of applications but a very
complex (and exciting!) field

« Can we map BNNs (ionic systems) with
electronic devices (instead of ionic)




NANO IN BETWEEN:
STDP
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STDP with memristors
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Implementations

Postsynaptic neuron
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STDP: triplet rule
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* No hardware demo at the network level

* One layer OK, what about multi-layers?

« STDP but what else?




Concluding remarks

* Neuromorphic in between BNNs and ANNS.
Maybe an issue for visibility (what is our
community?)

* Neuromorphic as a bridge between ANNs and
BNNs?

* Doing more than identifying neuromorphic in
nano, it is time to built it!




Thank you!

(One final tip: The hippocampus is not an animal)
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