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All you ever wanted to ask about DFT
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Building a Neural Dynamic Agent (90 min)

Break and Networking (30 min)

Hybrid Models with DFT (15 min)

Latest DFT Applications (25 min)

Open Discussion and Q&A (20 min)
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Dynamic Field Theory (DFT)

* Dynamic Field Theory is a mathematical framework that aims to
explain how

* time-continuous evolution of neural population activation leads to
cognition
* discrete events emerge from instabilities in the underlying dynamics

G. Schoner and J. Spencer. Dynamic thinking: A primer on dynamic field theory. Oxford University Press, 2016.



Foundations

* Cognition is best understood at the level of neural populations

* Sensory information is transient
* cognition needs stable representations
* this stability must arise from recurrent connectivity within the neural population

* Neural representations needed for cognition are low-dimensional
* they are easier to stabilize
* enable invariance

* Instabilities in the dynamics enable sequential transitions between
stable states

* needed for cognition

* Complex cognitive functions emerge from interconnected networks
of neural dynamics

Schoner, G. (2019). The Dynamics of Neural Populations Capture the Laws of the Mind. Topics in Cognitive Science



Dynamic neural field (DNF)

0.0

-0.5 1

-5.0

input, s

—f+ s(z)

Legend

— 7)) —g(u(z))

u(e)

g(u(t))

time, t
)

stabilization factor resting level
time external input
time scale l
1
T Uz, = u@tn + M + s(z,t)| + we - £(x, 1)
-I—/ (x—2")- g (u(@',t)) da’
Iygmmdal threshold
Ao
/
(u) : [
gl\u) =
1+ exp(—Bu /
p(—Bu) o 01 u [/

>
resting level, h




Underlying Neural Principles:

* Standard connectionist assumptions:
* Continuous activation
* Nonlinear transfer functions
* Synaptic connectivity
* Plus:
* Recurrent dynamics create stability

* Continuous feature spaces allow attention and binding
* Continuous time allows autonomy

* Dynamical systems theory is central

* Stable states = attractors
* Behavioral robustness emerges from attractor stability



Neural interaction kernel
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Neural dynamic regimes
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Attractor states and instabilities
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Attractor states and instabilities
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Attractor states and instabilities
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Attractor states and instabilities
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Sub- and suprathreshold attractor states
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Detection and reverse detection
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https://github.com/cedar/juniper/blob/main/demo1_detection.ipynb
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https://github.com/cedar/juniper/blob/main/demo2_selection.ipynb
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https://github.com/cedar/juniper/blob/main/demo4_Huetchen.ipynb
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Feature space
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Dimensionality
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Dynamic neural node (DNN)
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Connections between DNFs _
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Hebbian connections between DNFs
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Cued selection
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The binding problem
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Binding through space
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Grieben et al. (2020). Scene memory and spatial inhibition in visual search, Attention, Perception & Psychophysics
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Activation
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Visual exploration / scene memory guidance
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Attended Orientation Orientation Scene Memory Expected Orientation Orientation Match

Grieben et al. (2020). Scene memory and spatial inhibition in visual search, Attention, Perception & Psychophysics
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https://github.com/cedar/juniper/blob/main/demo6_MemoryGame.ipynb
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Coordinate transformation
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