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« Efficient approximation of biology

Brainse2¥ * Signal-drjven information
ScaleS propagation
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Splklng neural networks

- Artificial Neural Networks
Biological Brains : Neuromorphlc & Spiking Neural Networks (ANNSs)

« Efficient approximation of biology

Brainsc2¥ ° Signal-drjven information
ScaleS propagation
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Biological neurons

Artificial neuron: Biological neuron:
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discrete evaluation continuous in time 3 7

» Common approximation:
Leaky Integrate-and-Fire (LIF) neurons

» Can be modelled in electronic circuits
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» Common approximation:
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Spiking neuromorphic devices: ‘

* BrainScaleS (Heidelberg University)
* SpiNNaker (University of Manchester)
* Loihi (Intel)
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Membrane potential V;, evolves in time

Spike: Vi, crosses Vi een
>V, fixed to Vg
» Leaky signal senton V_,

Neuron connections are weighted similar to ANNs: trainable

Synapses
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BrainScaleS-2
* Applications: Neuromorphic chip

* classification

« time-dependent data, recurrent nature,... kot
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Applications:

* classification

* time-dependent data, recurrent nature,...

* data generation

Binary interpretation: refractory or not

Read neuron states
» Sample from probability distribution

Train connecting weights
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neurons for sampling
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Applications:

* classification

* time-dependent data, recurrent nature,...

* data generation

Binary interpretation: refractory or not

Read neuron states
» Sample from probability distribution

Train connecting weights
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neurons for

_——

sampling

BrainScaleS-2

Neuromorphic chip

Vin (1)

[M. Petrovici et al., BMC Neurosci. 16 (2015)]
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Neural network quantum states
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Neural network quantum states

Restricted Boltzmann Machine m Quantum State
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Restricted Boltzmann Machine % Quantum State Positive operator-valued measure

Variational parameters (POVM) representation
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Spiking quantum states

Andreas Baumbach Markus Obarthaler Thomas Gasenzer

Network structure Spiking neurons POVM representation
Hidden layer
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* One training epoch: ~2 seconds
* Generating 125,000 samples: ~1 second

* Pure sampling process (5,000 samples): ~0.01 second
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Runtime Scaling
b Partially-layered network
10F . ?
5 . - ] 9 $ ' o ?
8 b 209~ ® g
o B B ¥
Y g 2. ¢ .
= e $ ' 2
— -8 = ¢ 9 =yt
b iy | sl 5 10 15 20 > 30
£ \ # Hidden neurons M
= o Deep network structure
E el ° ¢ o ® @
o g g 8 @ 8 ®
= 5 My M N
(W) = ® o
3 08 My =0 .\ %‘;\»“f
o i @ R
06- 4 . . My = ‘m \l‘—/’\: : A
o 5 10 15 20 25 30
* One training epoch: ~2 seconds # Hidden neurons M

* Generating 125,000 samples: ~1 second « More hidden neurons and complex network

architectures do not increase the computational cost
» Pure sampling process (5,000 samples): ~0.01 second
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POVM representation
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Network structure
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Spiking neurons
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Reconstruct quantum states from measurement data

Quantum
Computer

Use restricted Boltzmann machine and POVMs
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Spiking neuromorphic hardware: fast and energy-efficient

Violation of the classical bound

Neuromarphic chip

s8]

* Calibrate quantum computer close to qubit system
'» Generate a lot of measurement data

i

mif 1 Ottawa

Page 30/30



