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Where do the dimensions of neural fields come from?
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Neural fields
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M as described by tuning
curves or receptive fields
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Neural fields

B => neural map from
sensory surface to
feature dimension

B neglect the sampling by
individual neurons =>
activation field
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Neural fields
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Neural estimation of fields
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Distribution of Population
Activation (DPA) <=> neural field

Distribution of population activation =
2 tuning curve * current firing rate
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Patterns of connectivity gives
neural fields meaning

B how does the connectivity arise?

B morphogenesis... modeled by fixed
connectivity

M learning...



Hebbian learning

activation, u | (x)

M Hebbian learning of projections
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Hebbian learning

M learning reciprocal connections between zero-

dimensional nodes and fields

B => grounded concepts

Manalogous to the output
layer of DNN

M => ensembles of such
nodes coupled inhibitorily
form the basis for
conceptual thinking...
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The memory trace
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The memory trace
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=> the memory trace reflects the

history of detection decisions

activation



Memory trace ~
first-order Hebbian learning

Mincreases local resting level
at activated locations activation, u(x)

B~ the bias input in NN
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B boost-driven detection
instability amplifies small

bias => important role in
DFT




The memory trace is functionally different
from conventional Hebbian learning

Mthe memory trace enables the re-activation of a
past pattern of activation even when the input
that caused the past pattern of activation is
absent

B this is the basis for cued recall in DFT
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Fields may jointly represent different
dimensions: examples
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Neurons may be tuned to multiple
different feature dimensions

M example: receptive field + direction tuning

B => combines visual space and orientation

B =>“anatomical” binding

[Hubel,Wiesel, 1962]
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Combining different feature dimensions

visual scene
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Extract the bound features

visual scene
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Assemble bound representations

M project lower-dimension field onto higher-
dimensional field as “ridge input”
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Assemble bound representations

visual scene
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Assemble bound representations

visual scene
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Search
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Scaling feature dimensions

M 2 spatial dimensions
M depth

® orientation

M color

M texture

B movement direction
M size

B etc...

M e.g. 8 dimensions

® 100 neurons per
=2 dimension

| 10%°8 = 10!

B more than there
are in the entire
brain!

B => only small sets of
feature dimensions
can be bound
“anatomically”



Binding through space

® many 3 to 4 dimensional feature
fields

M all of which share the one ,'\
dimension: visual space (~all A
neurons have receptive fields) AN

M bind through space a la Feature /\
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[Grieben et al. Attention, Perception & Psychophysics 2020]
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Binding through space
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shared space attend to this item
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H Scene Guidance
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Visual search

B => hands on exericse

SALIENCY MAP

CAMERA INPUT FEED FORWARD SALIENCY MAP SALIENCY BOOST FEATURE MAPS

X

COLOR ORIENTATION WIDTH LENGTH

FEATURE PROCESSING (ORIENTATION)

myele,

ATTENTION

ATTENDED REFERENCE WORKING MEMORY

INPUT ACTIVATION SIGMOIDED ACTIVATION

EXPECTED CHANGE DETECTION

/\

[Grieben et al. Attention, Perception & Psychophysics 2020]



B the dimension of neural fields
M two forms of binding
B scene representations

M visual search



