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What do brains “compute”?

• biological neural systems evolved to generate movement
• goal-directed movement requires
• perception (state estimation)
• calibration (internal and external alignment )
• online adaptation (control)
➡ biological neural networks are intelligent controllers

What is required for intelligent control?
➡ working memory
• stabilisation of neuronal states
➡ decision making
• selection among alternatives
• “attention”

Not something artificial neural networks solve today!
What is required to enable “purely” neuronal computing / control?
➡ structure (autonomy)
➡ interfaces to sensors and motors (embodiment)
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• analog circuits for neurons and synapses
• digital communication of spikes
➡“programming” = wiring-up and setting parameters
Qiao et al, 2015

Heading direction network

Heading
Direction

Heading direction network

Heading
Direction

Heading direction network

Heading
Direction
➡(soft) “winner take all”
➡ dynamic neural field
• Population activity dynamics:
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Amari, S. Dynamics of pattern formation in lateral-inhibition type neural fields. Biological Cybernetics,
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Wilson, H. R. & Cowan, J. D. A mathematical theory of the functional dynamics of cortical and thalamic
nervous tissue. Kybernetik, 1973, 13, 55-80
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➡ More robust connectivity: desinhibition
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Heading direction estimation: hardware results
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“Loop closure” and calibration
• How fast does the activity bump need to move?
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“Loop closure” and calibration
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Map formation: Path integration in 2D
took 60 minutes (at 50ms time step); the simulated maps’
area was 2x2m2 . Qualitatively, the simulation results show a
faithful representation of the environments.

Learning different maps

(a) Environment1

(b) Encoded map1

(c) True collision map1

(d) Environment2

(e) Encoded map2

(f) True collision map2

started with an environment shown in Fig. 10(a). After 5
minutes of simulation time (at 50ms simulation step), the
inside walls were removed while the robot continued to
navigate in the environment. The final environment is as
shown in Fig. 10(c).

Unlearning a map

Fig. 10: Demonstration of dynamic mapping. At the beginning, the robot is confined with walls in a small square space
(a). The walls are replaced after 5 minutes forming a larger
square (c). The robot is able to unlearn the previous map.
(g) Environment3

(h) Encoded map3

(i) True collision map3

Fig. 9: Maps learned after 60 min of simulation. The first
column shows simulation environments, the second and third
columns show the learned maps reconstructed from plastic
synaptic weights between PN and CON and the true collision
map, respectively.

The map encoded in the plastic synapses after 5 minutes
of simulation is shown in Fig. 10(b). Fig. 10(d) shows the
encoded map after the simulation ended. These results show
that the previously learned collision positions were unlearned
after the walls were removed, if the robot passed the respective position again without a collision. Our SNN SLAM is
thus not only able to learn the map of a static environment,
but also update the map in a dynamic environment, using
synaptic
and potentiation.
Y.
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and Map Formation with Spiking
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Neural Networks:
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How can we unlearn something?
• LTD and LTP depends on both pre- and postsynaptic frequencies

Stochastic weight update

wi = wi +

⇤ w+ if Vmem (tpre ) > ✓mem and ✓1 < Ca(tpre ) < ✓3

wi = wi

⇤w

Drift

Binary weight of the synapse

if Vmem (tpre ) < ✓mem and ✓1 < Ca(tpre ) < ✓2

d
wi = +Cdrif t if wi > ✓w and wi < wmax
dt
d
wi = Cdrif t if wi < ✓w and wi > wmin
dt
Ji = Jmax f (wi , qJ )
(Brader, Senn, and Fusi, 2007)

Unlearning false collisions on chip
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NICE?
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➡ Simultaneous localisation and mapping:
path integration, learning a map
- state estimation, building
representations
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Blatter et al, ISCAS, under rev;

➡ Braintenberg vehicle, sequences
- attractors in a sensory-motor loop
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

(g) Environment3

(h) Encoded map3

(i) True collision ma

Fig. 9: Maps learned after 60 min of simulation. The firs
column shows simulation environments, the second and third
columns show the learned maps reconstructed from plastic
synaptic weights between PN and CON and the true collision
map, respectively.

To measure the quality of the learned maps quantitatively
we assigned a score to each learned collision position of the
robot. The score was evaluated using a Gaussian blurring
filter when computing correlation between the ground-truth
and neural-based maps. If the learned position was the same
as the true collision position, the system scored 1 point, if
the learned position deviated from the true position by 1
neuron unit in any direction, the system scored 0.5 point
etc. The score of the encoded maps was growing linearly
with simulation time, with a slope of 0.25-0.3 of the idea
score (plots can not be shown here for space constraints)
which reflects accumulation of error at a constant rate during
simulation, due to the accumulation of discretization errors
in both heading direction and position networks.
C. Dynamic mapping

In this section, we demonstrate how depression in plastic
synapses can be used to learn a map in a changing environment (also known as dynamic mapping, Fig. 10). The
simulation shown in Fig. 10 was run for 35 minutes. We

Conclusions
➡ lots 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
➡ learning 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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➡ Population activity dynamics:

⌧ u̇(x, t) =

u(x, t) + h +

Z

[Bastian, Riehle, Schöner, 2003]
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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”
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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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Reference frames transformation on chip
View-based target representation:
• target in view

• target lost from view

Allocentric target representation:
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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

What will be the bottleneck for purely neuronal control?
➡ interfaces
• sensors
• neuromorphic SLAM as an approach to perception
• motor system
• adaptive control

Motor control: results
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We chose however to connect the robot over a serial port to the Parallella to make connection
more robust and the small size, weight and power consumption of the Parallella allow it to be
mounted on the robot as well.
The second supported robot is the PushBot, also provided by NST. The PushBot has a similar
interface as the OmniRob and can also be easily accessed with the build-in WiFi module[8] over
a socket application programming interface (API).
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Figure 13. The two robotic platforms currently supported by omnibot-lib: on the left the PushBot
and on the right the OmniBot (see also [12, 5]) for more information
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Exc.

The Robot was controlled by sending the necessary instructions over the serial connection from
the Parallella. The most important instructions are listed in table 1 on the following page:
Similarly to the DVS camera, di↵erent properties of the OmniBot are monitored asynchronously by the RobotListener object, such as the actual servo states, if and which bumper
has been hit, making use again of the observer pattern as can be seen in figure 15 on page 15.
These states are logged as formatted text or processed immediately, such as the bumper states,
that trigger an emergency stop of the robot until the next drive command is send. At the
moment the Robot is polled in an interval of 1 s, future updates of the OmniBot firmware will
feature a broadcast function. However, logging the robot parameters is currently disabled as it
is favored to directly log the mapped keyboard inputs (see also figure 9 on page 11 for a list of
the mappings) instead of the polled robot parameters, amounting to the same result. Linux has
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Mathematical formalisation: attractor dynamics
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•“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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direction

• 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
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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…

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36 NEWGEN
OUP UNCORRECTED PROOF – FIRSTPROOFS, Mon Aug 03 2015,
37
38
39
40
41
42
Integration and Selection in Multidimensional Dynamic Fields
137
43
44
45
(b)
+
46
47
48
49
50
51
52
53
54
55
URL: http:/mc.manuscriptcentral.com/ccos
56
57
58
Activation
59
60

rP
Fo

13
14
15
16
17
18
19
20
21
22
23
24
Connection Science
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

Habit formation

ee

•

ee
rP
Fo

Dynamic Neural Fields explain behavior
“A” trials

“B” trials

ie

ev

rR

rR

AnotB task

rP
Fo

w
ie

w

ev

OUPAug
UNCORREC
OUP UNCORRECTED PROOF – FIRSTPROOFS, Mon
03 2015, N

On

Dineva and Schöner, “How infants’ reaches reveal principles of sensorimotor decision making”, Connection Science, 2018

Developmental
Dynamics: The
Developmental Dynamics: The Spatial
Precision Hypothesis
257S

360

ev

270

Figure 4: DFT simulation of the first B trial (same conventions as in Figure 2).
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360

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

