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What is “Cognition”?
Cognitivity of behavior:

➡ Decisions
- defined by the sensed state
- stimulus - response

A story of the
sugar-searching bacteria

➡ Memory
- decoupling from the sensory flow
• Working memory
- Moment-to-moment memory
• Long-term memory
- habits
- episodes
- semantics / language
- skills
- contingencies - relations
- controllers
Marc Bickhard “Interactivism”

Cognitive “computing”

• biological neural systems evolved to produce behavior
• amazing perception, adaptivity, control, learning capabilities
• efficient, robust, and powerful with “noisy” biological elements
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Mathematical formalisation: attractor dynamics

eld Th eory

•“behavioral variable”

Turning rate
of vehicle

Attractor

- describes the behavior
Heading
direction

• its rate of change:
⌧ ˙ (t) =

(t) + A(t)

- determines its dynamics

• overt behavior corresponds to
attractors
- stability
The dynamics of heading direction has
a fixed point at the zero-crossing of the rate of change.
When the vehicle’s heading corresponds to the fixed point,
FIGURE 4.3:
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• represent “utility” of options
• stabilise decisions
˙ (t) ! u̇( , t)

“activation” and its dynamics

h two sources of intensity in the environment, the dynamical system from which orientation
s two attractors (two zero-crossings toward which heading direction converges as indicated by
cle selects one of the two sources depending on its initial heading. Right: Nervous systems with
ural dynamics in which activation evolves toward neural attractors. The activation field shown
tractor in which a peak of activation is positioned over the heading direction of one source, while
ource is suppressed. The first three chapters of the book provide the concepts to understand this
processing.

Neural dynamics

Distribution of Population Activation
(DPA)
Neuronal correlate of behavior: population
activity
“Reaching” task

Distribution of population activation =
tuning curve * current firing rate
activation
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[after Bastian, Riehle, Schöner, submitted]

➡“Dynamic neural field” model

⌧ u̇(x, t) =

u(x, t) + h +

Z

[Bastian, Riehle, Schöner, 2003]

f u(x0 , t) !(x

x0 )dx0 + I(x, 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, Schöner&Spencer, Erlhagen…

Neural dynamics
Dynamic Neural Field, WTA, bump-attractor networks
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“Cognitive” properties of Neural Fields
• “Detection” and “forgetting” instabilities
- continuous time

discrete “events”

• Localised “bumps”
- continuous space

discrete “categories”

• “Selection” instability
- stabilisation of selection decisions

• Sustained activation
- modelling working memory

➡ DNF “Architectures”

A problem with attractors
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➡ not the ability to move
➡ movement corresponds to an attractor
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Embodied DNF architectures
Action selection
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ural dynamics

“Implementation
issue”
ppropriate time constants

Neuronal dynamics
adigm shift

“Von Neumann” computer

Radically different from von Neumann
architectures.
Parallel elementsZwith memory and
Match
⌧ u̇(x, t) = u(x, t) + h + f u(x0 , t) !(x x0 )dx0 + I(x, t)
computation co-localized.
No virtual time (time represents itself).
Input/data driven computation.

w silicon
Inherently synchronized with the real-world “natural” events.

• analogue
valuessensory signals efficiently (low
• digital
representations
To
process “natural”
bandwidth/power).
• parallel processing
• sequential processing
Low latency =) real-time interaction with the environment.
• memory and computation interlinked
• 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)

Loihi (Intel)

SpiNNaker (Manchester)

Analog

“TrueNorth” (IBM)
Digital

Create and promote neuromorphic
community in Europe: www.neurotechai.eu

Neuromorphic Hardware

Ning et al.

A Learning Neuromorphic Processor
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circuit of a neuron

Figure 3: Silicon neuron schematics. The NMDA block implements a voltage gating mechanism; the
LEAK block models the neuron’s leak conductance; the spike-frequency adaptation block AHP models
the after-hyper-polarizing current effect; the positive-feedback block N+ models the effect of the Sodium
activation and inactivation channels; reset block K+ models the Potassium conductance functionality.

2.2 THE NEUROMORPHIC PROCESSOR BUILDING BLOCKS

Here we present the main building blocks used in the ROLLS neuromorphic processor chip, describing
the circuit schematics and explaining their behavior.
2.2.1 The silicon neuron block The neuron circuit integrated in this chip is derived from the adaptive
exponential I&F circuit proposed in (Indiveri et al., 2011), which can exhibit a wide range of neural
behaviors, such as spike-frequency adaptation properties, refractory period mechanism and adjustable
spiking threshold mechanism. The circuit schematic is shown in Fig. 3. It comprises an NMDA block
(MN 1,N 2 ), which implements the NMDA voltage gating function, a LEAK DPI circuit (ML1−L7 ) which
models the neuron’s leak conductance, an AHP DPI circuit (MA1−A7 ) in negative feedback mode, which
implements a spike-frequency adaptation behavior, an Na+ positive feedback block (MN a1−N a5 ) which
models the effect of Sodium activation and inactivation channels for producing the spike, and a K+ block
(MK1−K7 ) which models the effect of the Potassium conductance, resetting the neuron and implementing
a refractory period mechanism. The negative feedback mechanism of the AHP block, and the tunable reset
potential of the K+ block introduce two extra variables in the dynamic equation of the neuron that can
endow it with a wide variety of dynamical behaviors (Izhikevich, 2003). As the neuron circuit equations
are essentially the same of the adaptive I&F neuron model, we refer to the work of Brette and Gerstner
(2005) for an extensive analysis of the repertoire of behaviors that this neuron model can reproduce, in
comparison to, e.g., the Izhikevich neuron model.

population dynamics

VLSI device (ROLLS, CXQUAD)

All voltage bias variables in Fig. 3 ending with an exclamation mark represent global tunable parameters
which can be precisely set by the on chip Bias Generator (BG). There are a total of 13 tunable parameters,
which provides the user with high flexibility for configuring all neurons to produce different sets of
behaviors. In addition, by setting the bits of the relative latches in each neuron, it is possible to configure
two different leak time constants ( if tau1! / if tau2!) and refractory period settings ( if rfr1! / if rfr2!) per
neuron. This gives the user the opportunity to model up to four different populations of neurons within
the same chip that have different leak conductances and/or refractory periods.
Frontiers in Neuroscience
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Reconfigurable OnLine Learning Spiking (ROLLS)

non-plastic synapses

plastic synapses

AER Output

AER Input

Synapse De-Multiplexer

AER Input

virtual
synapses

neurons

Bias Generator

• analog circuits for neurons and synapses
• digital communication of spikes
➡“programming” = wiring-up and setting parameters
Qiao et al, 2015

recurrent connections, green line).
inhibitory neuron. The authors characterized the behavior
More recent hardware implementations of the spiking
of the network using the mean rate representation and
soft WTA network have been realized by the authors.
Poisson distributed input spike trains. They showed the
These chips comprise both larger numbers of neurons (e.g.,
network could exhibit soft WTA behaviors modulated by
up to 2048) and spike-based learning capabilities (see
the strength of lateral excitation and investigated the net‘‘Spike-Based Learning’’ section).
work’s ability to produce correlated firing, combined with
the WTA function. In 2004, several additional VLSI
synapse, EXC1
Spike-Based Learning
implementations of WTA networks were presented: Oster
and Liu [51] presented a 64 neurons network that usedsynapse,
all- INH1
An additional feature that is crucial for implementing
to-all inhibition to implement a hard WTA behavior;
synapse, not set
i
cognitive systems with networks of spiking neurons is
Abrahamsen et al. [2] presented a time domain WTA
neuron
i to implement
spike-based plasticity. Plasticity is one of the key propernetwork that used self-resetting I&F neurons
ties of biological synapses, which provides the brain with
hard WTA behavior, by resetting all neurons in the inhibitory
array neuron
i
the ability to learn and to form memories. In particular,
simultaneously, as soon as the winning neuron fired; and
long-term plasticity (LTP) is a mechanism which produces
Chicca et al. [15] presented a recurrent network of spiking
activity-dependent long-term changes in the synaptic
neurons, comprising 31 excitatory neurons and 1 global
strength of individual synapses, and plays a crucial role in
inhibitory neuron. This network is an evolution of the one
learning [1]. A popular class of LTP spike-driven learning
presented in [40] which includes second neighbor excitmechanisms, that has recently been the subject of wideatory connections (in addition to first neighbor excitation),
spread interest, is the one based on spike-timing dependent
and can be operated in open-(linear array) or closed-loop
plasticity (STDP) [1, 46]. In STDP, the relative timing of
(ring) conditions. Figure 2 shows experimental data meapre- and post-synaptic spikes determine how to update the
sured from the chip, describing how it is able to perform
efficacy of a synapse. In VLSI networks of spiking neunonlinear selection, one of the typical soft WTA network
rons, STDP-type mechanisms map very effectively onto
behaviors (see also Fig. 1). An input stimulus (see Fig. 2a)
non-plastic synapses
neurons
silicon. Several examples of STDP learning chips have
consisting of Poisson trains of spikes, with a mean

A Dynamic Neural Field on a neuromorphic chip
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Sequence learning “program”
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Navigation: Head-direction network

“Proprioception” only

Correction using vision
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(i) True collision map3

Neuromorphic SLAM
Local view cells

Position representation

Learning a map on chip

Reference frames transformation on chip
View-based target representation:
• target in view

• target lost from view
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Blum, H.; Dietmüller, 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

Motor control, learning
• PI-controller with spiking silicon neurons
• On-chip learning of feedforward control
• Easy to integrate with other SNN models

Glatz, S.; Kreiser, R.; Martel, J. N. P.; Qiao, N. & Sandamirskaya, Y. Adaptive motor control and learning in a spiking neural
network, fully realised on a mixed-signal analog/digital neuromorphic processor. ICRA, arxiv, 2019

Motor control: results
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Why are these architectures fundamental?
➡ Braintenberg vehicle, sequences
- attractors in a sensory-motor loop
Milde et al 2017a,b; Kreiser et al 2018

➡ Reference frame transformations
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➡ Adaptive motor control
- key element for adaptive
behavior
Glatz et al, arxiv, 2018
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Take-home message
• embodied cognitive computing requires:
- decision making
- memory
• these can be realised in neuronal dynamics (i.e. networks
with recurrence)
• neural-dynamic architectures can be realised with spiking
and continuous dynamics
• and can be interfaced to sensors and motors
➡ to create embodied neuromorphic cognitive systems
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