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Introduction
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nature . Editorial | Published: 17 Apnl 2018 / \
electronics Does Al have a hardware problem?

40 years of Processor Performance

End of : Moore's law
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Memory wall
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(3) Optimization of circuit& architecture

Neuromorphic computing system

— One of the non-von Neumann approach,

g | B

Novel architectures where
memory and processing are collocated

can perform efficiently in area/energy

G. Burr, Adv. in Phys.X, 2017, Vol 2 No.7, 89-124

J

Phase-change memory devices are used to build computational memory.

This novel architecture can accelerate the training of deep neural networks(DNN),
and also it can play a key role in spiking neural networks(SNN).



Introduction — PCM device
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Novel computer architecture for Al

H.S. Shin, [EEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 37, NO. 11, NOVEMBER 2018
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Why do we need a new computing architecture?
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Key Operation : Multiply-Accumulate, “MAC” The physics of Ohm’s law and Kirchhoff’s current law

allow the implementation of analog MAC operations in parallel.



In-memory computing with PCM devices

a In-memory computing can overcome memory-processing unit bottleneck N
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Analog memory-based DNN process
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28x28 gray-scale image pixels

- Deep Learning (Deep neural network, DNN) on PCM hardware(cross-bar array)
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10 output
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Demonstration of DNN using PCM devices
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- MNIST handwritten image recognition
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- CIFAR-10/100 image recognition (Using Convolutional layer)
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A proposed chip architecture

- Chip architecture for a co-processor for deep learning based on PCM arrays
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Spiking Neural Networks (SNN)

ﬁ POINT OF VIEW

To Spike or Not to Spike:
That Is the Question

By WOLFGANG MAASS
Institute for Theoretical Computer Science,
Graz University of Technology. Graz 8010, Austria
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Vol 103, No. 12, December 2015 | PROCEEDINGS OF THE IEEE
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- Third generation of neural network? M. Davies, NICE, 2018, Loihi intro talk
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X; I Synapse?

G. Burr, Adv. in Phys.:X, 2017, Vol 2 No.7, 89-124



Neuronal dynamics implementation using PCMs
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Hardware concept for PCM programming & LIF
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[ Phase change memory ]
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Gradual PGM & LIF results 47

(TPGM & LIF test flow ]

Virgin All RESET x3 Gp SET x 10 Gm SET x 5 All RESET x3
(Initial state?) (Clean up before the test) (Increased?) (Decreased?) (Clean up after the test)

[Schematics of the programming][JRSERM RESET SET  : SET processes occur inevitably during the RESET process.
Gp Gp Gp — Gp Gp
GmMSET GpSET Gm ] Gm Gm GmSET !
LIF output: - LIF output: | LIF output: LIF output: 1 t LIF output: | LIF output: | |

[LIF results of the programming]

From the results we can program aII PCM cells gradually on both Gp & Gm




Controllable weight update
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We can program the synaptic array with
accurate position so that able to do "pixel art’.

And we are able to confirm that
how the conductance of each cell affects hardware
with basic operation, LIF.

Even we don’t know accurate conductance of each
synaptic cell, we can expect the ‘actual weight'

This programming technology can be applied to
implementation of ‘weight transfer’,
which is necessary for ‘off-chip learning’.
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Summary
Neuromorphic computing using phase-change memory devices
Brain-inspired computing schemes is promising technology to overcome ‘von Neumann architecture’ in Al computing.
Phase-change memory device, one of the ‘'mature’ non-volatile memory technologies
can achieve significantly higher performance compared to conventional computation with
i ) Multi-conductance level, ii) Accumulative behavior.
Computational memory, In-memory computing, Near-memory computing
are novel approaches to mitigate ‘'von-Neumann bottleneck’.
__Devices Stuck-ON
Asymmetry

These massively parallel computing units with PCMs can perform in application of

i ) Deep-learning, Deep Neural Network(DNN)
i) Spiking Neural Network(SNN)
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But there are challenges towards the adoption of PCM-based computing systems in future Al hardware,
i ) Phase-change memory device — conductance fluctuation, non-linearity & non-symmetric...

i) Spiking Neural Network(SNN) — novel learning algorithms...
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Demonstration of in-memory computing with PCM

- Unsupervised learning of temporal correlations Nature Comms, 2017, & 1115
» Using the accumulative behavior of the PCM devices,
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» Computation can be accelerated by a factor of 200 relative to using 4 GPU devices,
And also energy saving is over two orders of magnitude. (Assumed the PCM write latency of 100ns and SET programming energy of 1.5pJ
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