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What do brains “compute”?

' "...‘___:-L?-’-’ | \
¢ piological neural systems evolved to generate movement
e goal-directed movement requires

e perception (state estimation)

e calibration (internal and external alignment )
¢ online adaptation (control)

= piological neural networks are intelligent controllers



What is required for intelligent control”

= WOrking memory

e stablilisation of neuronal states

= decision making

¢ selection among alternatives
e “attention”
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Not something artificial neural networks solve today!

What is required to enable “purely” neuronal computing / control?

= structure (autonomy)
= interfaces to sensors and motors (embodiment)



Towards neuromorphic SLAM

Simultaneous localisation and mapping

Angular velocity Estimate
sensing Heading direction
Translational velocity Estimate
sensing Position
Landmark Form memory

sensing (map)



Neuromorphic hardware
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(Qiao, Indiveri, 2015) (Qiao, Indiveri, 2018)

» mixed-signal circuitry ¢ Mixed-signal circuitry
4 x 1024 artificial
neurons

fully digital circuitry

256 artificial neurons 130,000 artificial neurons

256 X 256 plastic
synapse circults

130 million synapses

04 x 1024 synapses

programmable learning engine

180nm process 180nm process

e ultra-low power * ultra-low power
scalable

14nm process

low power and scalable



AER Input
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Reconfigurable OnLine Learning Spiking (ROLLS)

IndinQ mm_<

, F 11
,>>>>>>>>>>

_ggiigﬁgi;iw

xa|diin-aq 8sdeuls

)

ﬁ neurons

rtual
ynapses

>
>
>

B 2 1) T 5 R ) e ) T G

Bias Generator

O PO DI

plastic synapses &% f
s

/ / / \ / / / / \ / ~
PR} I n} I \ I Ve I \ l \ I ) l \ I c l \ l >
J / N / / / / \

>
>
>

O L O e ) el g |

e analog circuits for neurons and synapses

e digital communication of spikes

non-plastic synapses
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=“orogramming” = wiring-up and setting parameters

Qiao et al, 2015



Heading direction network
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Heading direction network
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Heading direction network

Heading X

Direction VOO0 QRQOVOQ

= (soft) “winner take all”
= dynamic neural field
e Population activity dynamics:

Tu(x,t) = —u(x,t) + h + /f(u(m’, t))w(x —a')dz' + I(z,t)

Amari, S. Dynamics of pattern formation in lateral-inhibition type neural fields. Biological Cybernetics,
1977, 27, 77-87

Wilson, H. R. & Cowan, J. D. A mathematical theory of the functional dynamics of cortical and thalamic
nervous tissue. Kybernetik, 1973, 13, 55-80

Gerstner, Grossberg, Ermentrout, Coombes, Schoner&Spencer, 2015, Erlhagen...



Heading direction network
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Heading direction network

Direction
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Heading direction network
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Heading direction network
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Heading direction network
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= More robust connectivity: desinhibition



Heading direction network
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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



Heading direction estimation: hardware results

Spiking activity on ROLLS
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Real-time activity on the ROLLS chip

DPIDEMUX/NEURON -

IN

STP LTP
SYNAPSE SYNAPSE |
ARRAY ARRAY

Qiao, Ning, et al, Frontiers in
neuroscience, 2015
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“Loop closure” and calibration

e How fast does the activity bump need to move?

, i Target position e Error estimation circuit
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“Loop closure” and calibration

Shift faster

Excitatory speed correcting neurons

Plastic synapses
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Matching activity shifting velocity to real velocity

Learning to shift faster

True orientation
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Position estimation

Directional -
neurons Position neurons & e
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Position estimation

“Wall” Feature detection
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Map formation

“Wall” Feature detection

Map (LTM)

formation
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Map formation on the ROLLS chip

Collision
population
Position
population

(x,y)
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Map formation:

Learmng different maps
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Kreiser, R.; Pienroj, P.; Renner, A. & Sandamirskaya, Y. Pose Estimation and Map Formation with Spiking Neural Networks:
towards Neuromorphic SLAM. 2018 IEEE/RSJ International Conference on Intelligent Robots and Systems, IROS, 2018

f. e W .'..: ?2’(; N T ﬂ
. b
. :o 20‘ LN
15 &SR ..,
' 10 | “
10 10 |
: T |
- . J
of Ww* 'y of Km w—e, ¢
0 5 10 15 20 25 30 5 10 15 20 25 30

X axis

(b) Encoded mapl1

RACY
- e -
-

. -
- AQ\
S
50

0..00

X axis

(c) True collision mapl

J .-

-
0 5 10 15 20 25 30
X axis

(e) Encoded map2

-

¢ "I

=) % e
-

0 5 10 15 20 25 30
X axis

(f) True collision map2

0 5 10 15 20 25 30
X axis

0 5 10 15 20 25 30
X axis

Path integration in 2

D

Unlearning a map

Q[w

@
Yy

(@) Initial environment

]\,him

o

(c) Environment after 5 minutes

30[™% .‘ o" or: B
25¢
'
» - 20¢ s
. !
n B »
- » o 15". 4
. > &
. 10} s
. . 1
5} -
» » '
» - » » . -
Of . 1
n I L . 8 i L i
0 5 10 15 20 25 30 0 5 100 15 20 25 30

X axis

(b) Collision map (after 5 minutes)

X axis
(d) Collision map (after 35 minutes)



How can we unlearn something?

e | TD and LTP depends on both pre- and postsynaptic frequencies

1.0

— LID 110HZ input
—— LTP 110HZ input
— — LID 10HZ input
— — LTP 10HZ input

Probability of Weight Transition

-

=

Yo 10 20 30 20 50 80 70

Postsynaptic Frequency (Hz)

Stochastic weight update w; = w; + A xw™ if Viem (tpre) > Omem and 61 < Ca(tyre) < 03

w; = w; — Axw™ if Vmem(tpre) < O,em and 07 < C’a(tpre) < 0y

d
Drift Ewi = +Carift if w; > 0, and w; < Wpaz
d .
Ewi = —Caripe if wy <8y and w; > Wpyin
Binary weight of the synapse Ji = Jmax f(Wis q7)

(Brader, Senn, and Fusi, 2007)



Unlearning false collisions on chip

Ground truth recording

With obstacle Without obstacle
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NICE"

= Simultaneous localisation and mapping: ==,

w @ —> €

path integration, learning a map s e

sw & —>

s @—> /
s @—>

- state estimation, building =

Integrated Position
nnnnnnn

representations =

= Braintenberg vehicle, sequences

- attractors in a sensory-motor loop 1= |

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

= Reference frame transformations
- key for linking modalities

= Adaptive motor control

- key element for adaptive

behavior

Glatz et al, arxiv, 2018

Kreiser et al 2018a, b
Blatter et al, ISCAS, under rev;




Conclusions

= |ots of structure is needed to control behavior with neurons
- represent state with neuronal populations (“place code”)

- stabilise states and decision with recurrent connections (WTA)
- disinhibition for robustness

- adaptive couplings between sensed quantities and states

- error estimation and correction

= |earning can then be very simple
- one-shot

- binary weight

= Object representation as a map-formation problem, not a
(just) pattern recognition
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—lementary module of neuronal control
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= Population activity dynamics:
Tu(x,t) = —u(x,t) + h + /f(u(x’, t))w(x —a')de' + I(z,t)

Amari, S. Dynamics of pattern formation in lateral-inhibition type neural fields. Biological Cybernetics,
1977, 27, 77-87

Wilson, H. R. & Cowan, J. D. A mathematical theory of the functional dynamics of cortical and thalamic
nervous tissue. Kybernetik, 1973, 13, 55-80

Gerstner, Grossberg, Ermentrout, Coombes, Schoner&Spencer, Erlhagen...



Neural dynamics

Dynamic Neural Field, WTA, bump-attractor networks

— u(x, t)
fu)
— f(u(z,t))
ol I(x,t) -
! -

N

>
5 > U
o
o 0 7\A
o w(x —x')
_5-. e o e A e Y A_A- - g A Al B ol o e
——— w - - - v—' - 'v-' — ey — — - - —

| | | | | | | | | | > /
0 10 20 30 40 50 60 70 30 ap 1&9; \/ k/a:— x

Tu(x,t) = —u(x,t) + h + / flu(@,t))w(z — 2")da'|+ I(z,t)




“Cognitive” properties of Neural Fields

e “Detection” and “forgetting” instabillities
- continuous time —> discrete “events”

¢ | ocalised "bumps”
- continuous space —> discrete “categories”

e “Selection” instability
- stabilisation of selection decisions

e Sustained activation
- modelling working memory

= DNF “Architectures”
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Why are these architectures fundamental?

= Braintenberg vehicle, sequences :
- 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

Directional

= Simultaneous localisation and mapping; 5= =
path integration, learning a map O

- state estimation, building
representations

= Adaptive motor control

- key element for adaptive
behavior

Glatz et al, arxiv, 2018




Reference frames transtormation on chip

View-based target representation:
e target in view e target lost from view

Allocentric target representation:  Neural ref. frame transformation:

relative robot’s

ROLLS device

direction

Blum, H.; Dietmdller, A.; Milde, M.; Conradt, J.; Indiveri, G. & Sandamirskaya, Y. A neuromorphic controller for a robotic
vehicle equipped with a dynamic vision sensor. Robotics: Science and Systems (RSS), 2017



What will be the bottleneck for purely neuronal control?

= Nnterfaces

® SENSOrs

e neuromorphic SLAM as an approach to perception

® motor system

e adaptive control



Motor control: results

Controller Learning the inverse mapping
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Obstacle avoidance and target acquisition
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Sequence learning “program”
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Embodied experiment
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Neuronal mechanisms: Braitenberg Vehicle

sensory system S\
Nnervous systelm g " Different behaviours: “:
body » ' 1

Motor system % g




Mathematical formalisation: attractor dynamics

A Turning rate e“behavioral variable”

of vehicle

- describes the behavior

» ¢ |ts rate of change:

To(t) = —o(t) + A(t)

direction
ﬁ - determines its dynamics

y

Attractor

e overt behavior corresponds to
attractors

- stabllity



Multiple targets

A Turning rate of vehicle

Heading
direction

W

U]

A Activation field

/\Headmg e represent “utility” of options
direction
—~ . .
e stabllise decisions
K K

o(t) = u(p,1)

"activation” and its dynamics

=g Neural dynamics



Neuronal correlate of behavior: population activity

Distribution of population activation =
X tuning curve * current firing rate

neurons

“Reaching” task
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= “Dynamic neural field” model
Tu(x,t) = —u(x,t) + h + /f(u(x’, t))w(x —a')de' + I(z,t)

Amari, S. Dynamics of pattern formation in lateral-inhibition type neural fields. Biological Cybernetics,
1977, 27, 77-87

Wilson, H. R. & Cowan, J. D. A mathematical theory of the functional dynamics of cortical and thalamic
nervous tissue. Kybernetik, 1973, 13, 55-80

Gerstner, Grossberg, Ermentrout, Coombes, Schoner&Spencer, Erlhagen...



Dynamic Neural Fields explain behavior

e Habit formation

“A” trial “‘B” trial
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Dineva and Schoner, “How infants’ reaches reveal principles of sensorimotor decision making”, Connection Science, 2018
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‘Implementation issue”

Neuronal dynamics “Von Neumann™ computer
~m
w Memory
= [ 1]
Ariﬁhm_etic
Control [ 599¢
ar:‘ir,;o : Unit
Accumulator
Input Output
e analogue values e digital representations
e parallel processing e sequential processing

e memory and computation interlinked e separate memory unit



Neuromorphic Hardware

= Brain-inspired computing or sensing devices that emulate
activity of biological neurons and synapses

“BrainDrop” (Stanford) DYNAP (Zurich) BrainScaleS (Heidelberg)

Digital
gital | =G

o

NEUROTECH Create and promote neuromorphic
oo comumeamaceneoners COIMMUNILY 1IN EUrOpEe: Www.neurotechal.eu
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