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Jeopardy! (2011)

~80,000 W ~20W

W $30

= 2880 processor threads
= 16 terabytes of RAM
= 20 tons of air-conditioned cooling capacity
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AlphaGo (2016)
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AI's computing efficiency
problem

/ Largely CPUs

CPUs, FPGAs, GPUs
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Advances in von Neumann
computing

Processor-in-memory
(near memory computing)

MEMORY

\ 4}

Vermij et al., Proc. ACM CF, 2016

Monolithic 3D integration

STORAGE

MEMORY

Shulaker et al., Nature, 2017

= Minimize the time and distance to memory access
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Going beyond von Neumann
computing: Brain-inspired computing

An “existence proof” for an ultra-low
power Al computer
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= Trades accuracy for efficiency

= Highly entwined, collocated memory and processing

= Computing fabric comprising large-scale networks of neurons and synapses
= Spike-based communication and processing of information
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The role of memory

“Charge on a capacitor” “Alternate atomic arrangements”

Floating
gate
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Control
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= Difference in atomic arrangements induced by the application of electrical
pulses and measured as a difference in electrical resistance

= Resistive memory devices or “memristive” devices

= Based on physical mechanisms such as ionic drift and phase transition

= Particularly well-suited for brain-inspired computing
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1st key enabler: Multi-level storage capability
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Sebastian et al., J. Appl. Phys., 2018 Le Gallo et al., Adv. Electr. Mat., 2018

= Essentially an analog storage device, but with drift and noise
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2nd key enabler
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= Nonvolatile nanoscale integrator but stochastic and nonlinear
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Outline

= First level of inspiration: In-memory computing
v' Matrix-vector multiplication and applications
v' Computing with device dynamics

Abu Sebastian, IBM Research - Zurich
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In-memory computing

Processing unit & Conventional memory

Processing unit & Computational memory
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= Perform “certain” computational tasks using “certain” memory cores/units
without the need to shuttle data back and forth in the process
v' Logical operations
v Arithmetic operations
v' Machine learning algorithms

= Exploits the physical attributes and state dynamics of the memory devices

Hosseini et al., Electr. Dev. Lett., 2015
Sebastian et al., Nature Comm., 2017
Le Gallo et al., Nature Electronics, 2018
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Matrix-vector multiplication
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= By arranging the resistive memory devices in a cross-bar
configuration, one can perform matrix-vector operation with
0(1) time complexity

= Exploits multi-level storage capability and Kirchhoff’s circuits
laws

= Can also implement multiplication with the matrix transpose
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Burr et al., Adv. Phys. X, 2017
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Matrix-vector multiplication
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Applications

Solving systems of linear equations
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Le Gallo et al., Nature Electronics, 2018
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Compressed sensing and recovery

(recovered)

Le Gallo et al., Proc. IEDM, 2017
Le Gallo et al., IEEE Trans. Electr. Dev., 2018
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Compressed sensing and recovery

High-dimensional High-dimensional

Measurement Iterative reconstruction (AMP Algorithm)
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= Store the measurement matrix in a cross-bar array of resistive memory devices
= The same array used for both compression and reconstruction
= Reconstruction complexity reduction: O(NM) = O(N)

Le Gallo et al., Proc. IEDM, 2017
Le Gallo et al., IEEE Trans. Electr. Dev., 2018
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Compressed sensing and recovery

Experimental result: 128X128 image, 50% sampling rate,
Computation memory unit with 131,072 PCM devices
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= Estimated power reduction of 50x compared to using an optimized 4-bit FPGA
matrix-vector multiplier that delivers same reconstruction accuracy at same speed

Le Gallo et al., Proc. IEDM, 2017
Le Gallo et al., IEEE Trans. Electr. Dev., 2018
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Control
signal

Resistive
memory
elements

Can we compute with device dynamics?

Control
signal

Computational
memory control
unit
Electrical input

Dynamic
evolution of
conductance

Sebastian et al., Nature Communications, 2014
Sebastian et al., Nature Communications, 2017
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Applications

Finding factors in parallel
Y pulses
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Hosseini et al., Electr. Dev. Lett., 2015
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Detecting temporal correlations

Discrete events
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Sebastian et al., Nature Comm., 2017
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Detecting temporal correlations

Discrete events
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= Find temporal correlations between
event-based data streams in an
unsupervised manner

= Gain selectivity specifically to the
correlated inputs

= Observe variations in the activity of
the correlated input

= Quickly react to occurrence of
coincident inputs in the correlated
inputs

= Continuously and dynamically re-
evaluate the learned statistics

...AND MORE
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Detecting temporal correlations
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Detecting temporal correlations:
Experiments (1 Million PCM devices)

Abu Sebastian, IBM Researc! h-

Zurich

Sebastian et al., Nature Comm., 2017
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Detecting temporal correlations:
Comparative study
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Sebastian et al., Nature Comm., 2017
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Outline

= Second level of inspiration: Co-processors for deep
learning
v' Mixed-precision deep learning

Abu Sebastian, IBM Research - Zurich
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Co-processors for deep neural networks

Neurons Synapses

= Multiple layers of parallel processing units (neurons) interconnected by plastic synapses

= By tuning the synaptic weights (training), able to solve certain classification tasks remarkably well

= Training based on a global supervised learning algorithm - gradient descent with backpropagation

= Brute force optimization: Multiple days or weeks to train state-of-the-art networks on von Neumann
machines (CPU,GPU clusters)

= Can we design non-von Neumann co-processors for training deep neural networks?

Burr et al., IEEE TED, 2015
Nandakumar et al., ISCAS, 2018
Ambrogio et al., Nature, 2018

Abu Sebastian, IBM Research - Zurich

28



Mixed-precision deep learning

Synaptic weight High-precision unit

Forward propagation ()
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= Synaptic weights always reside in the computational memory

= Forward/backward propagation performed in place (with low precision)

» The desired weight updates accumulated in high precision

= Programming pulses issued to the memory devices to alter the synaptic weights
= Exploits both multi-level storage capability and accumulative behavior!

Nandakumar et al., ISCAS, 2018
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Demo @ NeurIPS, Montreal, 2018

Experience the promise of in-memory computing
https://analog-ai-demo.mybluemix.net/?cm_mc_uid=62608486854615522234476&cm_mc_sid_50200000=20414201553078943175

IBM Research AI/ © 2017 IBM Corporation
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Outline

= Third level of inspiration: Spiking neural networks
v" Neuronal and synaptic emulations
v Unsupervised learning

Abu Sebastian, IBM Research - Zurich
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Spiking neural networks Neuronal dynamics
dufdr = F)+ Gl

]

Action Post-synaptic neuron / Action
potential potentiall

= Employed by the brain
J\[ = Asynchronous, low-latency,
massively-distributed computation
= Local, event-based learning

Axon | ™ Continuously learning systems
= Computationally superior?

Dendrites / Dendrites

Synaptic dynamics

Isyn — gsyns(v - Esyn) J

-

Synapse

= Challenge 1: Learning rules and killer applications
= Challenge 2: Substrates for efficient realization: Emulate neuronal and
synaptic dynamics
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SNN co-processors (Digital

and Analog CMOS-based)

Synapses
Neuron Neuron
Communication Communication
Synapses
Neuron Neuron
Communication Communication
Synapses

Neuron Neuron

Communication Communication

Synapses
Neuron

Communication

Synapses
Neuron

Communication

Synapses
Neuron

Communication

= Emulation of neuronal and synaptic dynamics

in digital CMOS circuitry
= No in-situ learning

Merolla et al., Science, 2014

Abu Sebastian, IBM Research - Zurich
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= Exploit subthreshold MOSFET characteristics to
directly emulate neuronal and synaptic dynamics
= Highly susceptible to process induced variations

Qiao et al., Front. Neuroscience, 2015




Phase change devices In
spiking neural networks
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= Areal/energy efficiency
= Can we exploit some unique physical attributes?
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Stochastic phase-change neurons
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= The internal state of the neuron is stored in the phase configuration of a PCM device
= Neuronal dynamics emulated using the physics of crystallization
= Exhibit inherent stochasticity, which is key for neuronal population coding

Tuma et al., Nature Nano., 2016
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Neuronal population coding

How does the brain store and represent complex stimuli given the slowness,
unreliability and uncertainty of individual neurons?
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“As in any good democracy, individual neurons count for little; it is population activity that matters. For example, as with
control of eye and arm movements, visual discrimination is much more accurate than would be predicted from the responses
of single neurons.” (Averbeck et al., Nature Reviews, 2006)
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Tuma et al., Nature Nano., 2016
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2T-1R PCM Synapses

Synaptic efficacy Synaptic plasticity

Action Post-synaptic neuron Action
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= A 2T-1R PCM unit can implement both synaptic efficacy and plasticity in a
very efficient manner

= Neuromorphic core with 64k-cell PCM synaptic array and in-situ learning
capability was demonstrated

z
=
=
=
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=
=
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Kim et al., IEDM., 2015
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Applications of SNNs

Efficient unsupervised learning via
local learning rules

0T hot

B Q@ f

A

HEREOREEAEED
][ /]2]2]2{2]a]3]3)
3|3[3]4q]|#|¢|=]]B| ¢
Glolelé]6ln|7]7]7]7)
3Bl#lglala(9]9]7]9)

Sidler et al., ICANN, 2017
Wozniak et al., IJCNN, 2017, 2018
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Summary

= The Al revolution is a significant driver for brain-inspired computing
= Brain-inspired computing can be realized at multiple levels of inspiration and resistive
memory devices such as PCM could play a key role
= First level of inspiration: In-memory computing
v Matrix-vector multiplication is a computational primitive that can be applied to a range of
applications such as compressed sensing and solving systems of linear equations
v' Detecting temporal correlations is a fascinating application of computing with device
dynamics
= Second level of inspiration: Co-processors for deep learning
v' Mixed-precision in-memory co-processors for inference and training
= Third level of inspiration: Computational substrates for Spiking Neural Networks
v" Emulation of neuronal and synaptic dynamics
v" Unsupervised multi-time-scale learning is a very promising application domain

Abu Sebastian, IBM Research - Zurich
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Outlook
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