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What do brains “compute”?

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

• biological neural systems evolved to generate  movement



➡ working memory 

➡ decision making 

• stabilisation of neuronal states

➡ structure (autonomy) 
What is required to enable “purely” neuronal computing / control?

What is required for intelligent control?

• selection among alternatives
• “attention”

Not something artificial neural networks solve today!

➡ interfaces to sensors and motors (embodiment) 



Towards neuromorphic SLAM
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• fully digital circuitry 
• 130,000 artificial neurons  
• 130 million synapses 
• programmable learning engine 
• 14nm process 
• low power and scalable 

• mixed-signal circuitry 
• 4 x 1024 artificial 

neurons 
• 64 x 1024 synapses 
• 180nm process 
• ultra-low power  
• scalable 

• mixed-signal circuitry 
• 256 artificial neurons  
• 256 x 256 plastic 

synapse circuits 
• 180nm process 
• ultra-low power

ROLLS DYNAP Loihi

(Qiao, Indiveri, 2015) (Qiao, Indiveri, 2018)

(Davies, 2018)

Neuromorphic hardware



Reconfigurable OnLine Learning Spiking (ROLLS)

Qiao et al, 2015
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• analog circuits for neurons and synapses
• digital communication of spikes 

➡“programming” = wiring-up and setting parameters



Heading direction network
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Heading direction network

Heading 
Direction

➡(soft) “winner take all”
➡dynamic neural field

• Population activity dynamics:

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
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Gerstner, Grossberg, Ermentrout, Coombes, Schöner&Spencer, 2015, Erlhagen…
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Heading direction network
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Heading direction network
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Analogue
• missmatch
• variability
• low precision



Heading direction network

➡ More robust connectivity: desinhibition
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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

Qiao, Ning, et al, Frontiers in 
neuroscience, 2015



“Loop closure” and calibration

•How fast does the activity bump need to move?
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•Error estimation circuit
•Computing differences



“Loop closure” and calibration
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Matching activity shifting velocity to real velocity

Learning to shift faster Learning to shift slower
True orientation True orientation

Error correction Error correction



Position estimation network

Position estimation

Heading direction estimation



Position

Heading direction estimation

Position estimation

“Wall” Feature detection
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Map formation on the ROLLS chip
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Map formation: Path integration in 2D

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 

took 60 minutes (at 50ms time step); the simulated maps’
area was 2x2m2. Qualitatively, the simulation results show a
faithful representation of the environments.

(a) Environment1 (b) Encoded map1 (c) True collision map1

(d) Environment2 (e) Encoded map2 (f) True collision map2

(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.

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 ideal
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 envi-
ronment (also known as dynamic mapping, Fig. 10). The
simulation shown in Fig. 10 was run for 35 minutes. We

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).

Fig. 10: Demonstration of dynamic mapping. At the begin-
ning, 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.

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 respec-
tive 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 depression and potentiation.

D. Neuromorphic realization
Fig. 11 shows activity of spiking neurons on the neuro-

morphic device Dynap-se [32] that were wired up to form
the path-integrating architecture. The first plot in the figure
shows the arrangement of neurons on the 4 chips of the
Dynap-se device (each chip being divided into 4 cores of
256 neurons). Figs. 11(2-6) show snapshots of activity on the
chip as the robot turns left (0-9s), stops turning and continues
moving to the west (11s), and then turns to the right, moving
in East direction after 24 seconds of simulation, Fig. 11(6). In
the PN and IPN neural populations, one can observe that the
activity moves according to activity in the HD population,
which is driven by the Turn populations (TR or TL). The
activity peak in the PN population is marked with a black
circle around the purple spikes.

A spiking neural network realized with neuromorphic
hardware is thus able to represent and update the position

Learning different maps Unlearning a map



How can we unlearn something?

(Brader, Senn, and Fusi, 2007)

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

wi = wi �� ⇤ w� if Vmem(tpre) < ✓mem and ✓1 < Ca(tpre) < ✓2

d

dt
wi = +Cdrift if wi > ✓w and wi < wmax

d

dt
wi = �Cdrift if wi < ✓w and wi > wmin

Ji = Jmaxf(wi, qJ)

Stochastic weight update

Drift

Binary weight of the synapse

• LTD and LTP depends on both pre- and postsynaptic frequencies 



Trajectory recorded from firing activity

Ground truth recording

With obstacle Without obstacle Learned collision maps

Unlearning false collisions on chip



NICE?

➡ Adaptive motor control

- key element for adaptive 
behavior

Glatz et al, arxiv, 2018 

took 60 minutes (at 50ms time step); the simulated maps’
area was 2x2m2. Qualitatively, the simulation results show a
faithful representation of the environments.

(a) Environment1 (b) Encoded map1 (c) True collision map1

(d) Environment2 (e) Encoded map2 (f) True collision map2

(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.

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 ideal
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 envi-
ronment (also known as dynamic mapping, Fig. 10). The
simulation shown in Fig. 10 was run for 35 minutes. We

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).

Fig. 10: Demonstration of dynamic mapping. At the begin-
ning, 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.

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 respec-
tive 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 depression and potentiation.

D. Neuromorphic realization
Fig. 11 shows activity of spiking neurons on the neuro-

morphic device Dynap-se [32] that were wired up to form
the path-integrating architecture. The first plot in the figure
shows the arrangement of neurons on the 4 chips of the
Dynap-se device (each chip being divided into 4 cores of
256 neurons). Figs. 11(2-6) show snapshots of activity on the
chip as the robot turns left (0-9s), stops turning and continues
moving to the west (11s), and then turns to the right, moving
in East direction after 24 seconds of simulation, Fig. 11(6). In
the PN and IPN neural populations, one can observe that the
activity moves according to activity in the HD population,
which is driven by the Turn populations (TR or TL). The
activity peak in the PN population is marked with a black
circle around the purple spikes.

A spiking neural network realized with neuromorphic
hardware is thus able to represent and update the position

- state estimation, building 
representations  

➡ Simultaneous localisation and mapping: 
path integration, learning a map

Blatter et al, ISCAS, under rev;

Kreiser et al 2018a, b  

➡ 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  



Conclusions

➡ lots of structure is needed to control behavior with neurons

➡ learning can then be very simple

➡ object representation as a map-formation problem, not a 
(just) pattern recognition 

-  one-shot
-  binary weight

-  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
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Elementary module of neuronal control

➡ Population activity dynamics:

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…
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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”



Embodied DNF architectures

Haptic learning
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Why are these architectures fundamental?

➡ Adaptive motor control
- key element for adaptive 

behavior
Glatz et al, arxiv, 2018 

took 60 minutes (at 50ms time step); the simulated maps’
area was 2x2m2. Qualitatively, the simulation results show a
faithful representation of the environments.

(a) Environment1 (b) Encoded map1 (c) True collision map1

(d) Environment2 (e) Encoded map2 (f) True collision map2

(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.

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 ideal
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 envi-
ronment (also known as dynamic mapping, Fig. 10). The
simulation shown in Fig. 10 was run for 35 minutes. We

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).

Fig. 10: Demonstration of dynamic mapping. At the begin-
ning, 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.

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 respec-
tive 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 depression and potentiation.

D. Neuromorphic realization
Fig. 11 shows activity of spiking neurons on the neuro-

morphic device Dynap-se [32] that were wired up to form
the path-integrating architecture. The first plot in the figure
shows the arrangement of neurons on the 4 chips of the
Dynap-se device (each chip being divided into 4 cores of
256 neurons). Figs. 11(2-6) show snapshots of activity on the
chip as the robot turns left (0-9s), stops turning and continues
moving to the west (11s), and then turns to the right, moving
in East direction after 24 seconds of simulation, Fig. 11(6). In
the PN and IPN neural populations, one can observe that the
activity moves according to activity in the HD population,
which is driven by the Turn populations (TR or TL). The
activity peak in the PN population is marked with a black
circle around the purple spikes.

A spiking neural network realized with neuromorphic
hardware is thus able to represent and update the position

took 60 minutes (at 50ms time step); the simulated maps’
area was 2x2m2. Qualitatively, the simulation results show a
faithful representation of the environments.

(a) Environment1 (b) Encoded map1 (c) True collision map1

(d) Environment2 (e) Encoded map2 (f) True collision map2

(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.

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 ideal
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 envi-
ronment (also known as dynamic mapping, Fig. 10). The
simulation shown in Fig. 10 was run for 35 minutes. We

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).

Fig. 10: Demonstration of dynamic mapping. At the begin-
ning, 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.

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 respec-
tive 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 depression and potentiation.

D. Neuromorphic realization
Fig. 11 shows activity of spiking neurons on the neuro-

morphic device Dynap-se [32] that were wired up to form
the path-integrating architecture. The first plot in the figure
shows the arrangement of neurons on the 4 chips of the
Dynap-se device (each chip being divided into 4 cores of
256 neurons). Figs. 11(2-6) show snapshots of activity on the
chip as the robot turns left (0-9s), stops turning and continues
moving to the west (11s), and then turns to the right, moving
in East direction after 24 seconds of simulation, Fig. 11(6). In
the PN and IPN neural populations, one can observe that the
activity moves according to activity in the HD population,
which is driven by the Turn populations (TR or TL). The
activity peak in the PN population is marked with a black
circle around the purple spikes.

A spiking neural network realized with neuromorphic
hardware is thus able to represent and update the position

- state estimation, building 
representations  

➡ Simultaneous localisation and mapping: 
path integration, learning a map

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

➡ Reference frame transformations
- key for linking modalities  

Blum  et al 2017

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

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



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

• motor system

• neuromorphic SLAM as an approach to perception 

•adaptive control 



Motor control: results

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 
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Obstacle avoidance and target acquisition
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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).

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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Figure 14. Header files defining the interfaces to the robots and the robot listeners

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 asyn-
chronously 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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Sequence learning “program”Kreiser et al. Sequence Learning in a Neuromorphic Device

Figure 4. The serial order architecture, introduced by Sandamirskaya and Schöner (2010). (a) The
continuous version of the serial order architecture. A set of discrete neural-dynamic nodes represents
ordinal positions within a sequence. The content Dynamic Neural Field (DNF) represents the perceptual or
motor features of the stored items. A sequence of items is learned in adaptive connections between the
ordinal nodes and the content DNF. (b) The neuromorphic realization of the architecture using populations
of neurons. Note that in order to create stabilized peaks of activation that correspond to self-sustained
activation of a neural population, neurons within a group need to be recurrently connected. CoS is the
condition of satisfaction system that detects sequential transitions both during sequence learning and
acting-out.
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Fig. 4b shows how this neural dynamic architecture can be realized with populations of spiking neurons – a212

step required for the implementation in neuromorphic hardware (Sandamirskaya, 2013). Several constraints213

have to be taken into account: (1) the limited amount of silicon neurons, (2) robustness to mismatch, and214

(3) shared parameter settings across all neurons that need to exhibit different firing behaviors.215

To cope with mismatch, we used populations of 10-20 neurons to represent a neuronal node (ordinal,216

memory, or CoS nodes).217

Ordinal groups: Each ordinal group contains 20 silicon neurons in our experiments, inter-connected via218

excitatory synapses in an all-to-all fashion. Silicon neurons in different ordinal groups inhibit each other,219

forming a WTA network. This allows only one ordinal group to be active at a time.220

Memory groups: each ordinal group excites a corresponding memory group that contains 10 neurons.221

Memory groups remain active for the whole trial due to their high self-excitation. Each memory group has222

excitatory synapses to the next ordinal group. At the same time, they signal whether their corresponding223
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Figure 12. Learning a sequence of cued locations with a robot. Top, left. The output of the Dynamic vision
Sensor (DVS) camera of the robot: events from rows of the DVS over time. Regions with high activity
correspond to horizontal positions of locations, cued with a laser pointer. Top, right. Plastic synapses after
learning. Dark red dots are synapses with high weights (only synapses from ordinal populations to the
content DNF are probed here). Middle Spiking activity of neurons on the ROLLS chip during the robotic
sequence learning experiment, in which sequence of three locations was learned (A-C-B) and reproduced
by turning to center respective location in the field of view of the robot’s DVS (the mapping from position
in the camera’s FoV and angle of rotation was hard-coded here for simplicity). Bottom. Snapshots of the
experiment from an overhead camera. See main text for details.
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Neuronal mechanisms: Braitenberg Vehicle
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2 Dy na m ic  T h i n k i ng

into an activation value using a particular type of 
neural coding called “rate coding.” The idea is that 
there is a one-to-one mapping from the physical 
intensity value in the world to the activation value in 
the nervous system, that is, to the firing rate induced 
by stimulation of the sensory cell. Similarly, motor 
systems can be characterized using a rate code pic-
ture where the activation value in the nervous sys-
tem is mapped to the force generated by a motor.

Critically, Braitenberg took his metaphor one 
step farther by situating the vehicle in a structured 
environment. Figure I.2 shows one of his vehicles 
situated in an environment that has a stimulus off 
to the left such that stimulation hits the two sensors 

differentially. In particular, the left sensor receives 
a higher intensity than the right sensor. If we 
assume that this critter is wired up such that strong 
stimulus intensity leads to low activation levels, this 
situation will generate an orienting behavior, what 
biologists have called “taxis”—the critter will turn 
toward the input. Why does this happen? In this 
vehicle, the nervous system is organized ipsilater-
ally, so the right motor receives input from acti-
vation associated with the right sensor. Because 
strong stimulation leads to a lower firing rate, the 
left motor will receive less activation than the right 
motor. Consequently, the left motor will turn more 
slowly than the right motor and the vehicle will 
turn toward the source. As it approaches the source, 
the intensities get stronger and the firing rates drop 
perhaps to zero—the critter approaches the stimu-
lus and stops.

The lesson from this narrative is that mean-
ingful behavior is not generated solely from a 
feed-forward view of the nervous system; rather, 
meaningful behavior emerges when an organism 
is situated in an appropriately structured envi-
ronment. All four components of the vehicle are 
important. Indeed, we should really think of the 
structured environment as the fifth component of 
the vehicle—without it, no meaningful behavior 
will arise, as James J Gibson has forcefully argued.

When we put all five components together, 
the resultant “vehicle–environment system” forms 
something called a dynamical system. To see this, 
the graph on the top of Figure I.3 collapses the sen-
sor and motor characteristics down into one direct 
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Movement

Activation

Intensity

Activation Intensity

Activation

Sensory
system

Body
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FIGURE I.1: A  Braitenberg vehicle consists of sensory systems, motor systems, a nervous system, and a body. The 
sensory characteristic shown at the top right describes the activation output by the sensor system as a function of  
the physical intensity to which the sensor is sensitive. The motor characteristic shown at the bottom right describes the 
movement generated by the motor system as a function of the activation received as input.

Source

Intensity

Activation

Wheel
motion

Activation

Intensity

FIGURE I.2: The taxis vehicle of Braitenberg in an envi-
ronment with a single source of intensity. The sensor 
characteristic is a monotonic negative function, the motor 
characteristic a monotonic positive function. This leads 
to taxis behavior in which the vehicle turns toward the 
source (curved arrow).
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Note how this derivation makes use of five 
ingredients: (1) a model of the environment (top); 
(2)  a sensor model (through the sensor character-
istic of Figure 4.1); (3) a motor model (through the 
motor characteristic of Figure 4.1); (4) a model of 
the body (linking the turning rate of the vehicle to 
the difference in turning rate of the wheels); and 
(5)  a model of the nervous system (that enabled 
concatenating sensor and motor characteristics). 
What we obtain from this derivation is a dynami-
cal system model of the behavior of the taxis vehicle 
in closed loop:  The turning rate of the vehicle is 
nothing other than the derivative in time, !φ, of the 
heading direction, ϕ! Thus, we formally have the 
functional dependence

 !φ φ= ( )f  (4.1)

where f is the function depicted in the bottom panel 
of Figure 4.2. That is a differential equation that 
mathematically defines a dynamical system. We 
call this the behavioral dynamics of the taxis vehicle.

Figure 4.3 highlights that behavior emerges 
from this behavioral dynamics through an attractor 
state, a stable fixed point of the behavioral variable. 
In the figure, the vehicle is oriented to the right 
of the source. The behavioral dynamics is thus 
sampled at a heading direction to the right of the 
zero-crossing, generating a negative turning rate of 
the vehicle. The vehicle will thus reduce its head-
ing direction, turning to the left, until the turning 
rate becomes zero exactly when the vehicle is ori-
ented toward the source. Analogously, starting out 
at a heading direction to the left of the source will 
lead to positive rates of change, increasing heading 
direction by turning right, again toward the source. 
As we saw in Chapter 1 for the dynamics of neural 
activation, a zero-crossing of the dynamics with a 
negative slope is an attractor, a stable fixed point, 
now of the behavioral dynamics. That attractor 
generates the taxis behavior, the behavior of orient-
ing to the source of intensity.

The attractor dynamics thus determines the 
orientation behavior of the taxis vehicle. This 
dynamics does not really depend on how the head-
ing direction is measured or calibrated. Contrast, 
for instance, a calibration in which heading direc-
tion is measured relative to the magnetic north 
with a calibration in which heading direction is 
measured relative to the magnetic south. The two 
cases merely differ in how the labels read along the 
horizontal axis of the dynamics in Figure 4.3. The 
rate of change is determined by how the vehicle 

is oriented relative to the source, and that relative 
orientation does not depend on the absolute values 
of heading direction. Moreover, what determines 
the movement of the vehicle is the rate of change of 
its heading direction, which is enacted by sending 
different commands to the two wheels (based on a 
simple computation that takes into account the size 
of the wheels and how far apart they are mounted 
on the vehicle). The rate of change of heading direc-
tion is independent of the reference frame used for 
heading direction itself. In a sense, the behavioral 
variable is, therefore, a somewhat abstract concept; 
it abstracts away from the detailed mechanisms of 
the sensory and effector systems. The behavioral 
dynamics provides, however, a process account for 
movement generation, because it enables generat-
ing the modeled behavior using generic sensor or 
motor models.

In this derivation of the behavioral dynamics 
from the architecture of the taxis vehicle, we did 

Heading
direction

Turning rate
of vehicle

Attractor

FIGURE  4.3: 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, 
the rotation rate is zero, so the vehicle remains oriented in 
that direction. When the vehicle is headed to the right of 
the fixed point as illustrated at the bottom, the negative 
turning rate drives the vehicle’s heading direction toward 
the fixed point, as indicated by the red arrow pointing to 
the left. Similarly, if the vehicle were headed to the left of 
the fixed point, the positive turning rate would drive the 
vehicle’s heading direction toward the fixed point, as illus-
trated by the red arrow pointing to the right. The conver-
gence to the fixed point from neighboring states implies 
that the fixed point is asymptotically stable, a fixed point 
attractor (marked by a red circle).
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Mathematical formalisation: attractor dynamics

•“behavioral variable”
-  describes the behavior

• its rate of change:

• overt behavior corresponds to 
attractors

-  stability

⌧ �̇(t) = ��(t) +A(t)

-  determines its dynamics
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Chapter 1 begins building this dynamical sys-
tems view with an overview of neural dynamics. 
We will see that to describe real nervous systems, 
we must move beyond the simple feed-forward pic-
ture captured by Braitenberg’s vehicle. Instead, we 
will use closed loops that take place entirely within 
the nervous system to create internal attractor 
states—neural patterns that make decisions, select 
one input over another, and keep those decisions 
active even when the input is removed (see right 
side of Figure I.4).

In Chapter 2, we ask how such neural activation 
variables come about. The Braitenberg picture sug-
gests that “neurons” must be intricately connected 
to the sensory surface and the motor surface. In 
simple vehicles, those surfaces are sampled by a 
small number of sensor or motor cells, but in real 
organisms, the sampling is so dense that we can 
describe these “surfaces” in terms of continuous 
spaces that are continuously coupled to the nervous 
system. Dynamic fields are the result—dynamical 

systems that ref lect distributions of activation 
over appropriate feature spaces, including physi-
cal space. This enables the nervous system to know 
where a stimulus is located in space and to identify 
its particular features (e.g., color, shape, and so on).

In Chapter 3, we review the neural foundations 
of dynamic fields. We show that populations of neu-
rons in cortex and many subcortical functions can 
be thought of using the concept of neural activation 
fields. In fact, it will turn out that real neurons in 
the brain operate as if they are smeared out over 
activation fields.

Finally, in Chapter  4, we come back to behav-
ioral dynamics. We show how behavioral and neu-
ral dynamics can be combined within dynamic field 
theory, linking perception, action, and cognition. 
We demonstrate how this link enables embodied 
cognition by implementing a behavioral and neural 
dynamics on a robotic vehicle that orients toward 
targets, which it detects, selects, and keeps in work-
ing memory.

Turning rate of vehicle

Heading
direction

Activation field

Heading
direction

FIGURE I.4: Left: With two sources of intensity in the environment, the dynamical system from which orientation 
behavioral emerges has two attractors (two zero-crossings toward which heading direction converges as indicated by 
the arrows). The vehicle selects one of the two sources depending on its initial heading. Right: Nervous systems with 
internal loops have neural dynamics in which activation evolves toward neural attractors. The activation field shown 
on top is in a neural attractor in which a peak of activation is positioned over the heading direction of one source, while 
input from the other source is suppressed. The first three chapters of the book provide the concepts to understand this 
form of internal neural processing.
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Neuronal correlate of behavior: population activity

➡“Dynamic neural field” model

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…
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Dynamic Neural Fields explain behavior

 Integration and Selection in Multidimensional Dynamic Fields 137

After the memory stimulus is turned off, 
the activation of the memory control neurons is 
reduced to an intermediate level. At this level, the 
peak in the color memory field is sustained by the 
lateral interactions in this field, but no new peaks 
can form. The sustained activation in the memory 

field preactivates the corresponding region in the 
color attention field. This preactivation remains 
below the output threshold and does not drive 
strong neural interactions. Consequently, there is 
no visible effect of the memory activation in the 
visual sensory field.
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FIGURE 5.9: Simulation of one saccade task trial in the DF model. (a) The memory cue is presented in the center of the 
visual scene, forming a peak in the visual sensory, color attention, and spatial attention field. The color attention field 
projects activation further to the color memory field, which is boosted during this task period to form a self-sustained 
peak for the shown color. The saccade motor field is not activated, since the central portion of the spatial attention does 
not project to it. (b) The target and distractor stimuli are presented (together with a fixation point). All visual items 
compete for spatial attention, realized through the lateral interactions in the spatial attention field. This competition is 
biased indirectly by the color attention: The red distractor item matches the memorized color, and a peak for this color 
can form more quickly in the color attention field due to converging input from the memory field. This strengthens the 
representation of the distractor item in the visual sensory field. (c) The location of the distractor item is selected in the 
spatial attention field, and a peak at the same location is induced in the saccade motor field. This initiates a saccade to 
the distractor stimulus. (d) After the saccade, the distractor is fixated and the retinal scene has shifted accordingly. The 
memorized color is still represented in the color memory field.
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•Visual working memory Developmental Dynamics: The Spatial Precision Hypothesis 257

they then tested with 3- to 5-year-old children. First, 
the SPH predicts a narrowing of the spatial region 
across which responses should be biased toward 
midline during the developmental transition. That 
is, over development, responses to target locations 
further from midline should transition from being 
biased toward midline to not being significantly 
biased. Second, the SPH predicts that as inhibition 
increases over development, bias away from mid-
line should emerge and become stronger. Third, the 
SPH predicts that as memory becomes more stable, 
variability in memory responses across repeated tri-
als to the same locations should decrease.

Schutte and Spencer (2009) tested these pre-
dictions using the “spaceship” task and found sup-
port for all three predictions. Additionally, they 
were able to quantitatively capture the empirical 
results across development. In these simulations, 
they strengthened and narrowed the reference 
input, strengthened the self-excitation in both the 
contrast field (CON) and the working memory 
layer (WM), and strengthened the inhibitory 
projection from the inhibitory layer (Inhib) to 

WM without changing the spread of these con-
nections (see Figure 10.2). Note that even though 
the width of interactions was not modified, WM 
peaks became narrower over development as excit-
atory and inhibitory strengths were increased (see 
Figure  10.2). Critically, even though peaks were 
narrower over development, they were also more 
stable due to the increase in excitation.

Schutte and Spencer (2010) went a step fur-
ther and predicted that they could “create” devel-
opment, that is, accelerate children’s transition in 
midline biases by making the midline reference axis 
more salient (see Exercise 2 for a demonstration of 
this effect). Figure 10.3 shows how a more salient 
midline inf luences geometric biases for a target 
20° to the left of midline. The model’s mean error 
with the typical midline axis is shown by the dashed 
lines in Figure  10.3i–l. In these graphs, memory 
delay is on the x-axis and mean directional error 
is on the y-axis. There is a clear shift over develop-
ment from a bias toward midline (negative values in 
Figure 10.3i) to away from midline (positive values 
in Figure 10.3l).

FIGURE 10.3: Top row shows schematic of the “spaceship” spatial memory task with the direction of the memory bias 
for children aged 3 years, 6 months (a); 3 years, 8 months (b); 4 years, 4 months (c); and 5 years, 4 months (d) marked 
by an arrow (a dash indicates no significant bias) to a 20° target. Center row (e–h) shows the midline reference input 
(top fields), the contrast field (center), and spatial working memory field (bottom field) from a simulation for each age. 
Bottom row (i–l) shows the mean error (y-axis) from Schutte and Spencer (2010) across 100 simulations of the model 
at 0-, 5-, and 10-second delays (x-axis) for the normal midline input strength (unenhanced) and a strong midline input 
(enhanced). Reproduced from Schutte and Spencer (2010).
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they then tested with 3- to 5-year-old children. First, 
the SPH predicts a narrowing of the spatial region 
across which responses should be biased toward 
midline during the developmental transition. That 
is, over development, responses to target locations 
further from midline should transition from being 
biased toward midline to not being significantly 
biased. Second, the SPH predicts that as inhibition 
increases over development, bias away from mid-
line should emerge and become stronger. Third, the 
SPH predicts that as memory becomes more stable, 
variability in memory responses across repeated tri-
als to the same locations should decrease.

Schutte and Spencer (2009) tested these pre-
dictions using the “spaceship” task and found sup-
port for all three predictions. Additionally, they 
were able to quantitatively capture the empirical 
results across development. In these simulations, 
they strengthened and narrowed the reference 
input, strengthened the self-excitation in both the 
contrast field (CON) and the working memory 
layer (WM), and strengthened the inhibitory 
projection from the inhibitory layer (Inhib) to 

WM without changing the spread of these con-
nections (see Figure 10.2). Note that even though 
the width of interactions was not modified, WM 
peaks became narrower over development as excit-
atory and inhibitory strengths were increased (see 
Figure  10.2). Critically, even though peaks were 
narrower over development, they were also more 
stable due to the increase in excitation.

Schutte and Spencer (2010) went a step fur-
ther and predicted that they could “create” devel-
opment, that is, accelerate children’s transition in 
midline biases by making the midline reference axis 
more salient (see Exercise 2 for a demonstration of 
this effect). Figure 10.3 shows how a more salient 
midline inf luences geometric biases for a target 
20° to the left of midline. The model’s mean error 
with the typical midline axis is shown by the dashed 
lines in Figure  10.3i–l. In these graphs, memory 
delay is on the x-axis and mean directional error 
is on the y-axis. There is a clear shift over develop-
ment from a bias toward midline (negative values in 
Figure 10.3i) to away from midline (positive values 
in Figure 10.3l).

FIGURE 10.3: Top row shows schematic of the “spaceship” spatial memory task with the direction of the memory bias 
for children aged 3 years, 6 months (a); 3 years, 8 months (b); 4 years, 4 months (c); and 5 years, 4 months (d) marked 
by an arrow (a dash indicates no significant bias) to a 20° target. Center row (e–h) shows the midline reference input 
(top fields), the contrast field (center), and spatial working memory field (bottom field) from a simulation for each age. 
Bottom row (i–l) shows the mean error (y-axis) from Schutte and Spencer (2010) across 100 simulations of the model 
at 0-, 5-, and 10-second delays (x-axis) for the normal midline input strength (unenhanced) and a strong midline input 
(enhanced). Reproduced from Schutte and Spencer (2010).
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•Spatial working memory

Schöner, Spencer, and the DFT group. “Dynamical Thinking: Primer to Dynamic Field Theory, Oxford Press, 2015

For Peer Review Only

Spontaneous Errors March 22, 2017 12

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

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



“Implementation issue”Neural dynamics
with appropriate time constants

Paradigm shift

Radically different from von Neumann
architectures.

Parallel elements with memory and
computation co-localized.

No virtual time (time represents itself).

Input/data driven computation.

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

To process “natural” sensory signals efficiently (low bandwidth/power).

Low latency =) real-time interaction with the environment.

Giacomo Indiveri Neuromorphic processors 4 / 13

“Von Neumann” computerNeuronal dynamics

⌧ u̇(x, t) = �u(x, t) + h+

Z
f
�
u(x0, t)

�
!(x� x0)dx0 + I(x, t)

• digital representations 
• sequential processing 
• separate memory unit

Match

• analogue values 
• parallel processing 
• memory and computation interlinked



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

Neuromorphic Hardware

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

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

“TrueNorth” (IBM) Loihi (Intel) SpiNNaker (Manchester)

Analog

Digital


