—=

{_
=~ -
’;f;,-. ﬁ . n /

u

T & i University of
ETHzurich () zrich

Reliable computation in recurrent,
spiking, and plastic networks: from proof
of concept to real-world applications

Yulia Sandamirskaya

Institute of Neuroinformatics
University of Zurich and ETH Zurich

NELIlE= Research group
O E “Neuromorphic Cognitive Robots'

ROB



Intelligent systems: Artificial vs Biological



Intelligent systems: Artificial vs Biological
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What do we know about biological neuronal systems®?
Biological neural networks Artificial neural networks

M Massively parallel

PU, parallel computing

[ Massively recurrent ’* 51 0 Recurrence is difficult
‘eiosus! leads to loops; non-

e filtering
o stable states Markovian; no clear input
and output

M Event-based [ Processing is clocked,

® save power asynchrony IS hard to deal

e be fast with; no gradients to learn
M Plastic 1 “Training”. Plasticity is

e can learn on the fly difficult: Convergence”?

Testing?

= Dynamical NS, “Type B” = Turing-compliant NS, “Type A”
- “Computing” with the substrate - Turing Machine: the computing substrate doesn’t matter
- Control - Information processing

Can we build, control, and use neuronal systems of Type B?



Neuromorphic controllers

= \assive concurrence
-1/0O interfaces
-“encoding”
- rate, timing, place
= Massive recurrence

-flexible connectivity
- attractor dynamics

=Event-based
- spiking
- and analogue

= Plastic
-on-chip local learning

- “memory trace”



Reactive behaviour in navigation (Braitenberg)
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Braitenberg “de luxe” on a neuromorphic chip

Obstacle avoidance
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Navigation with a neuromorphic device

A\/Q|d|ng Qbs’[ades Output of the sensor and the chip
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Milde, M.; Blum, H.; Dietmdller, A; Sumislawska, D.; Conradt, J.; Indiveri, G. & Sandamirskaya, Y. Obstacle avoidance and target acquisition
for robot navigation using a mixed signal analog/digital neuromorphic processing system Frontiers in Neurorobotics, 2017.



Reference frames

View-based target representation:

e targetin view e target lost from view

Allocentric target representation:  Neural ref. frame transformation:

ROLLS device




Neuronal coding of 3-way relations
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Neuromorphic SLAM: 1) Heading direction / orientation

Angular;
‘Velocity, SR

G
Q IHD

1
L -

Kreiser, R.; Cartiglia, M. & Sandamirskaya, Y. A Neuromorphic approach to path integration: a head direction spiking neural
network with visually-driven reset. IEEE Symposium for Circuits and Systems, ISCAS, 2018



Neuromorphic SLAM: 2) Position, 2D map
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towards Neuromorphic SLAM. 2018 IEEE/RSJ International Conference on Intelligent Robots and Systems, IROS, 2018



Neuromorphic SLAM: 3)

“Proprioception” only

Correction using vision

—rrors, Sensor fusion
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Neuromorphic SLAM: 4) Loop closure

Angular Velocity
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SLAM 4: Loop closure architecture

Speed control
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Neuron ID:
HD correct neurons

Neuron ID:

Neuron ID:
Negative error neurons HD neurons

Neuron ID:
Inhibitory pool

Neuromorphic SLAM:
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Neuromorphic SLAM: Results (+map formation)

LED detection
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Overview of Neuromorphic building blocks

= Reactive loops '
- attractors in a sensory-motor loop 1= ||

Milde et al 2017a,b; Kreiser et al 2018

= Reference frame transformations
- key for linking modalities

Blum etal 2017

*—

= Pose estimation and map formation 3=

- state estimation, building =
representations

Kreiser et al 2018, 2019a, b

= Adaptive motor control - Biv
- key element for adaptive || W
| e/
behavior 5 - Q MU =

Glatz et al, ICRA2019



Conclusion: We need to redefine computing
to use neuromorphic hardware

variable
= neuronal population
- high-/low-dimensional, continuous or discrete (symbolic)
- adjustable resolution

To enable neuronally-inspired computing we need

to work out 1ts theory, framework, and tools

- can be adaptive

1hput/output
= nterfaces to sensors and motors

Operating System
= a hierarchy of neuronal structures for particular task
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