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Deep/Multilayer NeuralNetworks

AUseful, robust, computationally intensive

AMany applications:

| Pattern recognition

I Natural Language Processing

I Signhabrocessing
| Data Mining
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Computational Bottlenecks
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A Offline training in CPU/GPU

Common NN Hardware

A Dedicated hardwareTfueNorth DianNao TPU)
A Online trainingg hard with CMOS

Design #Transistors Comments
Proposed design | 2 (+] memristor)
X Also requires UV light +
Weights decay ~ minutes
. | Weights only
increase (unusable)
39 Must keep training
52 Must keep training
92 Weights decay ~ hours
|60] 83 Also requires a “weight unit”
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Memristors to the Rescue
Emerging Nonvolatile Memory Technologie:
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Memristor ¢ Memory Resistor
Resistor with Varying Resistance
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Neural Networks with Memristors

A Memristor conductance ~ synaptic weights
A Voltage/current on memristors adapts weights
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SpikeTimingDependent Plasticity (STDF
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CMOS output neurons
(integrate & fire neurons)

A Biological motivation
A Not useful for machine learning
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S. Saighi et al., AiPlasticity in Memristive Devices for Spiking Neural Networks,0 Frontiers in Neuroscience, March 2015



Gradient Descent Learning

Synaptic Grid
Circuit
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Online Memristive
Gradient Descent Tralnlng

read erte

u.—u/ var | |
I EVDD sign(y) VDDE
6{ maiiils pali L0 (ory>0

| —Vbp! |

U I ‘ S /_\ / ;T As = abxy
0 Tra Tra + bly| T (for zy > 0)
s 1T Memristor state variable
(e.qg., resistance) Sy G

Moving from voltage to time and voltage —~2—x

X --> U (V0|tage) " O*T._’(y | (Resuxl't) r(
y --> e (voltage and duration) % e

10
D. Soudry, D. Di Castro, A. Gal, A. Kolodny, and S. Kvatinsky, fiMemristor-based Multilayer Neural Networks with Online Gradient Descent Training,0
IEEE Transactions on Neural Networks and Learning Systems, October 2015
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Synapse with TEAM Model

A TEAM is nonlinear single step read
A Increasings increases resistancé<s<l
A s=0.5equivalent tow =0 (negative weights)
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Single Layer DeS|gg
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E. Rosenthal, S. Greshnikov, D. Soudry, and S. Kvatinsky, iA Fully Analog Memristor-Based Multilayer Neural Network with Online Backpropagation
Training,0 IEEE Conference on Circuits and Systems, May 2016




Multi -Layer Design
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E. Rosenthal, S. Greshnikov, D. Soudry, and S. Kvatinsky, iA Fully Analog Memristor-Based Multilayer Neural Network with Online Backpropagation
Training,0 IEEE Conference on Circuits and Systems, May 2016



Resultsc Single Layer

Dataset Unique Training Unique Test No. of No. of NN
Samples Samples Inputs Outputs Size
Wisconsin
Diagnostic 300 120 30 2 30x2
Breast Cancer
Wine 96 45 13 13x3
Iris 90 60 4 4x3
Simulation Type - Error % Runtime
Simi I ar accu raCy Noisy Matlah | Amnalaa Analog AMatlah
Analog
as software moded 10X faster than software

Wine 1200 278.5ms
B t

reas 1200 210ms
Cancer

Iris 1080 95.3ms
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E. Rosenthal, S. Greshnikov, D. Soudry, and S. Kvatinsky, A Fully Analog Memristor-Based Multilayer Neural Network with Online Backpropagation
Training,0 IEEE Conference on Circuits and Systems, May 2016



Resultsc Multl Layer

Dataset | Unigue Training | Unigue Test | No. of No.of | NN Size
Samples Samples Inputs | Outputs
Iris 90 60 4 3 4x4x3
Simulation Type - Error % Runtime
Total i Anmnalog
. . . Noisy Analog Analog : Matlab
Training | Analog Model Model Matlab Model Model Model Wall Model
Samples Clock
2160 | 8.16+ 1.47% | 9.83% + 1.06% | 4.5% + 1.93% | 43.2ms | ~10 hours | 16.6s ||

2X more accurate t400X faster than software
Worse than software (why?)
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Ongoing Directions

A Machine learning accelerators
A Reconfigurable adaptive hardware (ADC, DAC,

A Memristors for excitation




