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Discussion

B characterizing DFT as a theoretical
framework

B embedding DFT in the landscape of related
theoretical frameworks

B contrasting DFT to other theoretical
frameworks

B how to model in DFT

B what is the ultimate vision of DFT



Discussion

characterizing DFT

B DFT architectures: two forms of modularity
B DFT provides neural process models

B DFT as an approach to Neurosymbolics



Discussion Architectures

Why do neural dynamic
architectures work!?

B |) Why is the dynamic regime (“selection”,
“working memory”,“detection”, “match” etc.)
of a component field invariant as we couple it

into a larger architecture!?

M 2) Why is the content (the feature space over
which fields are defined, the content of a
concept node) of a component field invariant as
we couple it into a larger architecture?



1) Why is the dynamic regime invariant!?

M stability => structural stability = invariance of
solutions under change of the dynamics

B => dynamic modularity: fields retain their
dynamic regime as activation elsewhere varies
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2) Why is the content invariant?

B coupling among fields must preserve the fields’
dimensions: ‘non-synesthesia principle”

M informational modularity (encapsulation)
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DFT provides neural process accounts

M In the intuitive sense of:

B providing outputs that can drive actual motor behavior
M based on inputs that may come from actual sensors

B with the processes in between being “neural” in nature
according to standard assumptions about neural networks...

M all this potentially working in closed loop



Process accounts

M attempt to formalize this notion: input/output interfaces
separated by “intermediate stage”, embedded in a
“conceptual scope”

[ conceptual Conceptual scope
Distinguishes the information, mental events, and behavior
SCO P e: heu ral that the model refers to.
. . Information Mental events Behavior
principles | | |
Intermediate
. Input - Output
M input: sensory
What does the model How does the model What is the model’s
respond to? transform inputs? reaction?
surfaces | I
e f S
e e |
/ /// \\\\ }
B output: . N N
P Compatibility Separability Testability
m Oto r Is the intermediate stage Can the intermediate Do the output and
supported by theory or stage and output vary intermediate stage
s u rfac e S data? separately? predict values?

[Jareski, Tan, Jenny, 2021]



DFT as a neural process account

M the interfaces have varied across different DFT models

M e.g. Thelen et al,200] DFT model of perseverative reaching

B inputs were Gaussian profiles reflecting stimulus/motor parameters

B outputs were activation passing threshold at certain locations at certain times

o

task specific preshape
input input  input

activation field

A location
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DFT as a neural process account

M this did not provide a consistent account of behavior

B robot demonstration links field continuously to sensory
input: need stable peak rather than threshold piercing

“young” robot “old” robot




DFT as a neural process account

M the difference between threshold piercing and stable
peak formation had observable consequences!

M accounts for the reductin
of perseveration by
spontaneous errors...

Dinveva, Schoner, Dev. Science 2007]
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DFT as a neural process account

B => the nature of DFT as a theoretical
framework for neural process accounts
provides non-obvious constraints



DFT as a neural theory of higher cognition

M does DFT explain the properties of higher cognition

M abstraction
M productivity
M systematicity

B compositionality

B => special lecture by Daniel Sabinasz



Symbolic approaches to higher cognition

B symbols that are invariant under sensory-
motor variation

M but must be grounded: linked to the world

® symbols that can be (freely) manipulated...

M formalized as function calls

to the left of = f(target, reference)



DFT as a neural theory of higher cognition

B |) pervasively grounded: all concepts are grounded
through their connectivity to the sensori-motor surfaces

M 2) emulate function calls:
attentional selection +
coordinate transformation

Reference

left”

to the left of = f(target, reference) .,

“above”
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“below”

Object-centered

M 3) autonomy: sequences of processing steps emerge

from dynamic instabilities. o
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characterizing DFT

B DFT architectures: two forms of modularity
B DFT provides neural process models

B DFT as an approach to Neurosymbolics



Discussion

embedding DFT

B DFT, embodiment, dynamical systems thinking
B DFT and connectionism

B DFT and computational neuroscience

B DFT and Deep Neural Networks

B DFT and learning

B DFT and Spiking Neural Networks/
Neuromorphics



Discussion Embodiment

Embodiment

B emphasizes the sensori-motor origin of cognition in
evolution and development...

B sometimes interpreted to be supported by activation
of motor systems during mental operations

® but: that is not mandatory...



Embodiment hypothesis of DFT

B |) sensory-motor behavior involves a lot of cognition

M attention/gaze

M active perception/working
memory

® action plans/decisions/
sequences

B motor control

B background knowledge

M learning from experience



Embodiment hypothesis of DFT

M 2) the dynamic properties of sensory-motor behavior:

B continuous state, continuous time, stability ..

B continuous/intermittent link to the sensory and motor surfaces

M are inherited by (higher) cognition

B => cognition is generated in
specific embodied cognitive
architectures that emerged
from evolution/development




Dynamical Systems Thinking (DST)

B Thelen, Smith and many others

B DST is essentially the metaphorical use of
dynamical systems ideas that DFT formalizes



Discussion connectionism

DFT and connectionism

B DFT models are neural network models in the
most general sense...

M and share with these the level of description

B continuous activation

B sigmoid threshold function (replacing spiking)



Connectionism

B DFT models are
recurrent neural

networks

B in continuous time
and continuous
space limit
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[Thomas, McClelland, 2023]



DFT makes more specific
commitments than connectionism

M stability of functionally significant states

M instabilities as key elements of neural processing ..
sequences

B => all autonomous cognition is based on localist
representations

4 activation field

m local excitation

global inhibition

dimension



DFT makes more specific
commitments than connectionism

M scaling argument => all cognitive representations
are low-dimensional

® no distributed representations...

Pine
M M 0ak
M no association ! o
ais
Rob%
Canary
Sunfish
Salmon

M binding across localist
representations replaces
association in DFT

[McClelland, Rogers, 2003]

Living thing
Plant
Animal
Tree
Flower
Bird
Flower
Pine
Oak
Rose
Daisy
Robin
Canary
Sunfish
Salmon

(| Pretty

Tall
Living
Green
Red
Yellow

Grow
Move

)| Swim

Fly
Sing

Bark
Petals
Wings
Feathers
Scales
Gills
Roots
Skin

Attribute




Discussion Computational Neuroscience

M takes the neural mechanistic foundations more
seriously than connectionism (and than DFT)

M was the setting from which original ideas of attractor

dynamics in neural networks arose:Wilson, Cowan,
1972, 73; Amari 1977

B much current work that aims to understand
mechanistic basis for neural function

M typically seeking neural evidence as a constraint



Example: Neural attractor
dynamics for head orientation

B Neura
B Neura

evidence for head-orientation cells...

attractor dynamics (neural field) for

heading direction: estimate/working memory of
current orientation, updated by integrating motor
Commands . a b Clockwise motion No motion

[McNaughton et al., Nature reviews neuroscience 2006]



Example: Neural attractor
dynamics for head orientation

B Extension to spatial map of ego-position using slice
input and directed connectivity

® to account for place cells in HC
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[McNaughton et al., Nature reviews neuroscience 2006]



B DNN: the apparent high-dimensionality/distributed
representation gives discriminatory power to DNN

M but only effective in the presence of input riven by
sensory inputs => no actual cognition!

M all cognition takes place in the “read-out” layer =
competing neural nodes

@ => Raul Grieben’s v
IeCtU re I SET syn. weights g
| (online learning) A
"Headless CNN 4
e?vgéia) J3 |
A Foveal Space/L:

learn [A2]
' Label Cue
(WM) [S3]
[Raul Grieben]



Discussion Learning

B most “learning” in Neural Network modeling
(including Deep Learning) is actually “fitting”

M obvious for supervised learning

B even unsupervised learning provides examples from the outside

M autonomous learning: learning from experience

M is only accessible if there is autonomous behavior that generates the
experience..

B and that is what DFT enables...

M a research challenge

M first inroads by Sandamirskaya (2014), Tekiilve, Schoner (2020)



Discussion Spiking NN/neuromorphics

B DFT~mean field theory in the population picture

B activation is something like a population level membrane potential

M Spiking brings in new properties not captured in this
approximation

B spike timing: spikes as synchronicity detector

B sparseness: low correlations between neurons

B spiking as a form of “implementation”
B Neuromorphics makes use of the spiking concept

® => Mathis Richter’s guest lecture shows how DFT can
be used for that



— embedding DFT

B DFT, embodiment, dynamical systems thinking
B DFT and connectionism
B DFT and computational neuroscience

B DFT and Deep Neural Networks

B DFT and learning

B DFT and Spiking Neural Networks/
Neuromorphics



Discussion

contrasting DFT

B DFT vs computational models

B DFT vs cognitive architectures (ACT-R/
SOAR etc)

B DFT vs neural cognitive architectures (LIDA,
Dora, Leabra, DAC)

B DFT vs VSA



DFT and computational
models/theory

B David Marr’s levels
B computational
M algorithmic

M implementation



Computational level

B “computation”in the sense: given input,
determine the output... => “computational
laws” of vision, action, cognition...

B probabilistic approaches such as Bayes
networks reside at the computational level

B normative models such as optimal
estimation, optimal control..

B ... currently influential ideas...



Computational level

B example: given the
optic flow from a rigid
environment through
which the observer
moves, the observer’s
ego-motion can be
computed (up to a
scaling factor)

[Robert, Potthast, Dellaert, 2009]



Computational level

M “describe’ neural function rather than
“explain” the underlying process



Algorithmic level

B example: estimate the optic flow by
searching through two subsequent images
and finding corresponding pairs of locations

M information processing model of cognition...
are algorithmic accounts

B “pseudo-code” descriptions of
computational models are algorithmic
accounts



Implementation level

M in human cognition: neural process models

M potentially at different levels... from abstract
connectionist to computational neuroscience models

M in Al: the concrete numerical
implementations of algorithms, or
probabilistic models etc.



Discussion  cognitive architectures

DFT and cognitive architectures:
ACT-R, SOAR etc

M aligned with early Al ... Herbert Simon...
Allen Newell:“general intelligence”

B the “computer metaphor”: cognition
consists of the manipulation of symboils...
constrained by rules/programs



Modularity

B computational elements are defined by their
input/output interface

B they are “impenetrable” so that their inner
states do not affect other modules... Fodor,
Pylyshyn

M related to the Al notion of “encapsulation”

B => understanding cognition = understanding
how link among modules through their
input/output interfaces

B => cognitive architectures



ACT-R elements: chunks

M represent “facts’: memory items, perceived items,
motor commands, rules, operations (contents)

B graded, time-varying activations

B control if chunk is instantiated

B determines which other chunks are instantiated

[Anderson, 2007/]
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ACT-R chunks

B chunk activation above threshold => a production
“ﬁres”

M chunk content is “‘executed”

M e.g. an addition is performed

Eight —3addend! addition-fact ~um Twelve
w S 8 S,
/ N Ji
N addend?2
1
Four

[Anderson, 2007] . A representation of a chunk with its subsymbolic quantities.



Modular architectures

Goal

Imaginal eclarative

Procedural

Visual . Aural

Manual

Figure 2.2. The modules implemented in ACT-R 6.0.



Production rule:“computation”

(@)

Responds to a Particular Selects an Which Consists of Requests
Pattern That Appears in a Action: to Other Modules:
Set of Modules:
Visual> Declarative>
argl 3 argl 8
op + op -
arg2 X Procedural: arg2 3
value 8 Subtract t
Goal> Goal>
Task: Solve-equation Task: Subtracting
(b) . : . .
Responds to a Particular Selects an Which Consists of Requests
Pattern That Appears in a Action: to Other Modules:
Set of Modules:
Visual> Declarative>
argl

op +
arg2 x
value

Goal> Goal>

Task: Solve-equation Task: Subtracting




Evidence by comparing “computational
effort” of model to human experiment

50
—— Adults
+— Model
’340 +— Children
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Figure 5.7. A comparison of the performance of the model with that of chil-

dren learning the linear form of algebra and adults learning the data-flow form.



DFT and cognitive architectures

B DFT: connectivity specifies both “content”
and instantiation of representation

B DFT:autonomous evolution of activation...
leads to events through instabilities ... vs.is
controlled by computational cycle

B DFT: constraints emerge from nature of
neural dynamics... vs. is imposed to fit data



Discussion neural cognitive architectures

DFT vs neural cognitive architectures
(Lida, Dora, Leabra, DAC ...)

M share principles of neural representation

M in many cases, the processing itself is
algorithmic (DAC and others)

M in other cases, the actual cognitive
operations are information processing

(Leabra)



Dora

——————————————————————————

T3

- DB0GRO0.
M interesting approach that " / \ “““ / y \

maximally overlaps with Featres. [BOBOO0OGAOE00...
DFT

— Strong bidirectional connection

M different principle of ® Activeunit
. . O Inactive unit
bl ndlng. oo Abbreviated token unit labels
h — higher-than-something
[ — lower-than-something
B that scales poorly with > paddi |
number of concepts T — lower than something paddic

Abp — above (ball, paddle)

[Doumas et al., Psych Rev 2020]



Dora

T3 Abp
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h
B autonomous processing: b
period and hierarchically !
. . T1 p
nested timing »
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® ~neural dynamics B
f4
M but lacks stability and s
. . f6
invariance when | - 4 4
elementary processing f dd 44
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steps take dnfferent o e
amounts of time Feanres 111 A4

[Doumas et al., Psych Rev 2020]



Discussion VSA

DFT vs VSA

B Vector-symbolic architectures (VSA): an (alternative)
neural account for higher cognition

M in the original version (Smolensky): role-filler
binding... compatible with DFT



VSA

M each concept is represented by an activation

vector

B column vectors Xjopn, Xvarys -+ -

B column vectors, ¥ ovErs VREL OVED

M requires that the symbol grounding problem is

solved at encoding/decoding

[Levy, Gayler, 2008]
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binding in VSA

B binding: make an array through direct

product

T
® Xjohn * YLOVER

B this increases the dimension

[Levy, Gayler, 2008]
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bundling in VSA

B done simply by adding the matrices..

[Levy, Gayler, 2008]
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dimensionality reduction

M to enable continued, even recursive
application of the binding operation, the
growth in dimension has to be stopped

M this works if there is “redundancy” the
bound representation.. which is true for
random vectors/distributed representations

john

mary

@ | 0O0000 w (@ (OC000® 0e00®
o O] ee00® Ne0e0oe 00000
< @ 00000 Q|0]|00000| = VOO0
T 0| leed0e| T 30|[00000 = eedde

Q100000 =10]1(0]6]®]0]e 00000

" Y1 leole] ) ol leole! ) John loves Mary



dimensionality reduction

® the holographic method (due to Plate, HRR): sum
along diagonals... a convolution...

® the block splatter (BSC) method: just take the
diagonal

%‘é’;ﬂé $ss

0000
¥ K&

00000 Ce00®

[Levy, Gayler, 2008] HRR BSC



unbinding

M a form of inverse

-x®y :x-yT
B=>xQ®y) -y=x-0" -y =x|y|?
M similarly

xXTox®y) =@l -x) - yT = yT||x|?

B so recover original vector up to a norm



clean-up

M due to compression, the inverse is not exact
M need to clean-up=restore the original vector...

M by auto-association

B e,.s. the vectors as attractors of a Hopfield network, so that
you only need to get into the basin of attraction,...



How does VSA operate?

M encode fillers/roles as vectors = symbols, and
provide them as input...

B VSA (vector-symbolic architecture) then binds/bundles/unbinds
these sequentially as defined by the VSA

B output symbols.. that can decoded

B encoding/decoding not part of VSA (but can be done with NN)

# autonomous organization of sequence not part of
VSA

M stabilizing the high-dimensional vectors is not
trivial



DFT vs NEF

M Eliasmith’s Neural Engineering Framework (NEF)
as a possible neural implementation of VSA

B vectors represented by (small) populations of spiking neural
networks

B NEF is “model neutral”... essentially a method to
“numerically” implement any neural model



DFT vs VSA

M But: to preserve the original vectors,
connectivity in VSA/NEF (SPAUN)
architectures is very special: decode

and re-encode..

B => SPAUN brains are not robust

against learning/development due to
non-local inter-dependence of

connectivities

B (and other issues)

[Choo Feng Xuan, 2018]
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Discussion

How to model in DFT

M characterize neural state space

B characterize interface to sensory and motor
surfaces

M |evel of invariance of neural state
M characterizing neural function / dynamic regime
M parameter values based on that

M parameter values to fit data



Discussion

Why model (in DFT)!?

B mathematical models are important to
sharpen the scientific discourse and thinking

B mathematical models help uncover
problems/overlooked processes through
quantitative comparison with data

B mathematical models most interesting when
they fail => tools of heuristics



The theoretical landscape

M all models make explicit or implicit
conceptual commitments .. which is where
theory resides

M e.g.“computation” is a metaphor that is not
conceptually neutral.... emphasizes input-
output relations and adopts an abstract level
of description

M e.g., neural principles may uncover or explain
laws of behavior... not mere
“implementations” of abstract computational
principles



Discussion
So what would it mean to

“understand’’ the mind/brain?

B possible minds/brains



