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Chapter 2: Dynamic Field Theory
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Abstract

This chapter lays theonceptual and mathemati¢dalndationsof Dynamic Field Theory.
We firsttalk about continua of possible percepts and of possible motor actions and propose
activation fields defined over relevant feature dimensions as the universal format of the neural
representations on which perceptual, motor, and cognitive procsdeaseé. We then lift the
neural dynamics introduced in the first Chapter to a mhycsof such activation fields. Self
excitation discussed in Chapter 1 becomes local excitatory interaction within an activation field.
Mutual inhibitory couplingdiscussed in Chder 1 becomes global inhibitory interaction wntha
field. Self-stabilized peaks of activation become the new attractor states that are the fundamental
units of representation in DFWe examine a set of instabilities from which peaks emerge
which peaks disappear. Téeincludethe detection instability that demarcates thsthble
regime in which an instance of representation may either exist or not from thestabte
regime in which an instance of representation must be created. The revectemeistability
delimits the bistable regime at the other ewtiereit merges into a monstable regime in which
only the sukthreshold state remains stablée selection instability delimits the capacity of
Dynamic Fields to stabilize an initial set®n decision The memory instability delimits the
regime in which peaks can be s&ised without localized inpug form of working memoryThe
last element of DFT we introducethe memory trace, a simpigchanism of learning from the
activation history of a field. We show how the memory trace may generate a representation of
the probability of choices and illustrate how categorical responding may emerge from continuous
activation fieldsln a last sectio, we illustrateall instabilities and the memory trace in a set of
examples around the phenomemdperseverativeeaching in PiagetOsndt-B paradigm.
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In Chapterl we haveintroducedhe notionsof activationvariables! (t), andtheir neural
dynamcs ! ! +! 4+ 1"#$%&- interaction. Activation variablescharacterizéheinnerstate
of the CentralNervousSystemgCNS). They may be coupledto otheractivationvariables
throughinteraction.They mayalsoreceiveinputsdirectly from the sensorysurfacesAnd they
may provideinputto otheractivationvariablesandultimatelyimpacton motorsystemgin ways
we will studyin depthin Chapter). In Chapterl we havenurturedanintuition thatactivation
variablesOstandorOsomethingutsidethe CNSthatis ultimately specifiedby thelinks of their
dynamicgo the sensoryor motor surfacesbetheydirector throughotheractivationvariablesin
this chaptemwe needto makethis intuition explicit andaddresglirectly how activationvariables
may cometo represenstatef affairsoutsidethe CNS

This begs the question, of coursdat kind of states outside ofgtiCNS need to be
representethside the CNSWe will argue, that those states form continua that span the many
different possible percept$i@ many possible motor actions, and ultiehgtthe many possible
thoughts Seeminglydiscretestates such as object categories or diffecatggorie®f motor acts
areoftenembedded iwontinua Recognizing a letter as a categdoy,instancewe also perceive
its continuous variations like size, orientation, contrasangrofthe othermanifoldvisual
dimensions. In facthis is trueeven inwhat issometimes calledategorical perceptiomn
categorical perception, two stimuli are only disgnated if they fall into different categories.
Different versions of a stimulus, that both fall into the same category, are not discrimiieged.
qguestion is, if there igvertruly categorical perceptiofiPisoni, 1973)Today, most researchers
softenthe concept ofategorical perceptiony requiring only thatliscrimination between
stimuli isenhancedvhen theyfall into different categories than if they fall into the same
category(GoldstoneHendrickson, 2009t is typically found, that discrimirteon of stimuli that
fall into the same categorymever fully abolished.

In summaryDFT is founded on the hypothesis that continuous states of the world are
primary.How the CNS breaks comiila into categoriethenrequires a account that mugjo
beyond merely postulatingdhdiscrete activation variables stand for discrete categdiines.
critical questionis, thereforehow activation variables may represent continua. We will
introduce the idea afontinuous sets of activation variables that form activation fig¢kls®

activation fields are linkethrough continuous mappingssensoryand motor surface$Ve will
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lift the neural dynamics of activation variables to activation fieldsvahhde-encounter the
instabilities we analyzed in Chapter 1, the detectionh thie selection instability. Generalizing

the neural dynamics to fields will enable us to differentiate between different paths through the
detection instability depending on whether lagad or global input is the driving force. We will
also be able to more clearly establish in which sense sustained activation is a mechanism for
working memory of metric information.

A major theoreticahdvancehat the passage from activation variabteadtivation fields
enables is betteunderstandingf how learning may shape neural representations. We will look
at the simplest learning mechanism within DFT, the laying down of a memory trace that
facilitates activation of field locations previouslgtivated.Through the memory tracthe
history of activation preshapes fieldsso that all field locations are no longer eqwae will
discuss how this may build a bridge from the hypothesized fundamental continuity of neural
representations toward theural representation of categorical states.

So this Chapter is quite ambitiousptesents the core ideas of D#ihtpermeatehe
entire book It reviewsthe associated conceptual commitments, while also trying to be
pedagogical and clear. If the ggigets roughlook out for the end of the Chaptehdrewe will
make the ideas concrete and practica $et ofworkedthroughexample. TheDynamic Field
model we will review invokes all the instabilities introduced eadsgewell as the memory trace
to acount for sensornynotor decisiormaking and perseverative reaching in infaany early
childhood

2.1 Spaces

It is quite intuitive that there would be infinitely many different things we could
potentially see. Think about an object, say a bottle standing on the table in front of you. The
bottle may vary in size, in shape, in color, in surface texture. It magdigomedat different
locations on the tabléf someone held up the bottles orientationrelative to you, the observer,
may vary.All thesevariations are, a priori, continuous in nature: location, orientation, color,
shape, texture, all may vanyagraded way. Visual morphing software makes such continuous
variation directly accessible to computer graphics.

How may we formalize these continua of possible percepts? LetOs use a minimal setting

that would be typical of a psychophysics experimasingle spot obrightnessnoving on a
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computer screen. The observer perceives the moving spot while fixating at a location marked by
a crossA continuum ofinstantaneoumotion percepts is possiblidge spot may wve through
different locationsn differentdirections This continuummaybedescribed using

mathematical spadbat isspannedy coordinate axesA possible set of coordinates includes

the twodimensional locationf thespot on the retina artle direction of motiorn the retina

relative toa fixed axis, say, the horizontal axisgure 2.1)This yields a threglimensional

space of possible motion percepts of a single spot of kgluh location in that space represents
one possible motion perceptisual object motion may vaglong addibnal dimensions sucs
speed, rigid body rotation, motion in depth, and solbere is probably no single best way

howto describe the set of possible motion percepts. Which dimensions we need to include may
be dictated by thquestions waevill ask an observein an experimentWe may ask an observe

to discriminate motions thalffer in movement directigror ask the observer to point a joystick

in the direction of motion perceived. In this case, motion direction is a critical dimension that
needgo be accounted for. In a more complex setting, we may ask an observer to intercept a
moving object. This probes multiple dimensions of motion perception, including direction but
also speed and timing.
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Figure 2.1 Left: The possibleperceptual manifestationsof a single moving spot of brightness, marked be afilled circle,
moving in the direction marked by an arrow, canbe describedby a small number of continuousdimensionsincluding the
location of the motion in the visual array (horizontal and vertical in aretinal referenceframe), and the direction of
motion. Right: For two of thesedimensionsthe representationof a singlemotion in an activation field is illustrated. The
motion inducesa single peak of positive activation locatedat the appropriate location in the spaceof possiblemotions,
while all other locationsin the field have negativelevelsof activation. Note that this activation pattern representsthe
location and the direction of motion of the spot of brightnessat onemomentin time. If we wereto follow the spot of
brightnessasit moveson the retina, the peak would track that movement,shifting to a newretinal location at every
momentin time.
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How many dimensions are needed to descritgakbworld percept?An extreme view,
taken in mathematical moded§ computer vision, is to sample the image by Opietture
elements)and describe each pixel by a few coordinate axes that may capture, for irtk&ance,
intensityin thethreecolor channelsed, green, and blu&n imageresolutionthathuman
observers find convincing may be as high as 1000 by 100G pmeaiich would imply that the
image as a possible percept has about 3 million dimendlowsthat is a questionable count.
First of all, mos variations of individual pixel lead to visual noise, not to new visual percepts.
The range of possible images created by looking at the world is constrained by properties of the
world. For instance, surfaces tend to be continuous andotiemtation inspaceends to vary
continuously. This creates reflectance maps in which brightness varies continuously. In fact, it is
possible to estimate shape from shading based on such congkaarigerink, van Doorn,
2003) Moreover, \sual perceptin is constraned by attentionOnly a small portion of the image
is in the attentionaloregroundat any given moment in timén fact, human observers may be
blind to changes in neattended parts of the visual array if the transients used to induce change
are maskedSimons, 200p

So counting the dimensions of an image may be not a good estimate of the dimension of
the space of possible percepts. Although the examplesed in Figure 2.i$ asimplified
laboratory setting, possible percepts may be best captunadua} feature dimensionbat
characterize individual objects in the perceptual foregrolind.neurophysiology of the visual
system suggests that thése limited number of cortical mapspresentinguchvisual features
perhaps not more than 40660 (Swindale, 2000)DFT is based on the hypothesis that neural
representations in the brain can be captured by continua spanning a limited number of
dimensionsWe will typically use coordinate systems that are consistent witknibven cortical
featuremaps Thislink to neurophysiology wilbe expandedn Chapter 3.

That the set of possible voluntdimb movements is similarly of modest dimensionality
is, perhaps, more directigtuitive. Consider, for instance, tiset of possible voluntary
movement®f thehand that are oriented to an object (Figure ZAhmovements mayaryin
direction ancextent,perhapsalsoin the amount and directiasf mechanicatesistance, an the
peak velocityof the movementNeurons in motor and pmaotor cortex aréuned to such
movement parameters, which spangpace of possible movemeii@eorggoulos 1986) Each
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location in that space correspond®te particular hand movement.
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Figure 2.2 Left: lllustration of the movementparametersdirection and amplitude: By varying the direction of end-
effector motion in outer space togetherwith the movementamplitude, a setof possibletargeted hand movementscan be
described.Right: An activation defined over thesetwo dimensionsrepresentsthrough a single peak the presenceof a
movementplan. The location of the peakindicates,which movementamplitude and direction is planned. Activation in the
peakis positive, while elsewhereit is negative,sothat only activation variables inside the peak may impact on
downstream neuronal networks that may be driving the motor action.

The visual array is awo-dimensional space that is an important component of the
descriptions both of possible percepts and of possible actions. This is obvious when you think of
eye movementsn which gaze is shifted toward differdotatiors in thevisualarray.A visual
scends capturedy itsspatial layout, typically alonthetwo spatial dimensionthat describe a
surface such as a tabletoptioe plane onvhich we standin addition to the spatial location we
may remember the colors of objects, their shaptheir orientation. If we lump these feature
dimensions together, waaythink of objects as being represenbgca location in an
appropriate space thabmbinesvisualspacewith feature dimensions. Sets of objeats sets of
such locationsLater we will see, how this embedding of percepts and actions in the two
dimensional visual array can play a role in organizing higlmaensional representations
through binding (Chaptdsy ard 8). We may use the same style of thinking also for more abstract
properties of the world=or instancean OordinalO dimension may be used to charadtezize
spatial or temporal ordef eventqthis idea will be elaborated in Chapfet).

2.2 Activation fields

What may a neural representation @oatinuous space look liReGo backo Figure 2.1
thatillustratesthethreedimensionakpace othepossible visual motions of a single spbt
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brightnessThis space can be represented leprtinuum of activatiowariables one for each
location in the threglimensional space. Theactivation variablearelabeled with an index that
has continuous valueMathematical, this makes them a field, a field of activaflidms
mathematicatoncept of afield is precisely analogous to how fields are used in physics, such as
in the gravitational field, the electrical field; the flow field inside a fluid or ga3he

gravitational field, for instancassigns to every location threedimensionaEuclidianspacea
gravitational potential thatan be assessed by observing the force exerted on a test mass. At any
location, that force points in the direction in spacelimch thegravitational potential decreases
most stronglycomputed athe gradiat of thegravitationalfield. The link between activation

fields and measurement or observatiosimsilarly based on the spatial patteyenerated ithe
activation field.This is illustrated in té right half of Figure 2.1or the activation fielddefined

over the horizontal position and the directiora@fsual motion(the vertical position is omitted

to makethe graphical representation practical). Tiel has aractivation pattermvhich a single
peak of action. Its centspecifies the location and direction of the single perceived visual
motion.

Not only the location of maximal activation, but also the width of the peak is meaningful
and can be assessed in an experinfesychophysical experiments on visual mation
instancemay probe the range of activation around a particular location ilodagion/direction
space by inducingn initial activation patterthrougha first motion stimulussay, a horizontal
motion (an activation pattern centered lodegrees)This may then bedllowed by a second
stimulus that probes neighboring locations of the location/direction space, for example, by
specfying motion atan angle of" I Il 1" I 2211y degees from horizontal and another at an
angle of!!" I 1=90 4+ 1! .1') degrees from h@ontal. Motion perception will be typically
selective, so that onlgne of the two motions iseen If the67.! degree motion is preferrexver
the112.! degree motionthen we infer that the prior pattern of activataantered af degrees
overlaps moe withinput at67.! degreeshan withinput at112!5 degrees, biasing motion
perception toward the closer andldéis was confirmed inxg@erimentghatrun under the label
Omotion inertia(Anstis, Ramachandran, 198id were referred to in ChapterThe
experiments show that the activation peak representing horizontal rabero degreasust
reachout toat least7!! degreesParadigms operceptual hysteresmovide similar signatures

of the metric range over which pervious perceptual expegjeapresented by patterns of
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activation, impaaon new perceptual experiengdock, Kelso, Schsner, 1993; Hock, Schsner,
2010).

In the motor domain, behavioral signatures of the width of activation peaks may be
obsenedthroughthe variance of movemenit®m trial to trial. In the timed movement initiation
paradigm, participants are trained to initiate movemerdadiatd time, paced by a metronome
(Ghez et al1997. Which movement out of a range of possible movemmnist be performed is
cued onlya short momenbefore the metronome signal.igistimulusresponse time is
experimentally variedNVhenthe possible movements are metrically clese, closethan 60
degrees for movement directiadhen thedistributiors of movementirections across trials
observedor short stimulus response times is manodal and centered on the meaavement
direction. When the different possible movements are metrically far from each other, farther than
60 degrees for movement direction, then the distributions are-maodtal, each maximum
centered on one of the possible movement direc(ieaglla, 1997) With increasing stimulus
response interval, thrmonaomodaldistributionssharperand become centerea the correct
cued movement directioin the multtmodaldistributions, one peak centered on the correct
movement direction sharpens and grows, the other peaks decay. The transition fremaodaho
to multi-modalinitial distributonsof movement parameters gives an indication for the width of
the underlying actation peaks in the space of movement directi@mthagen, Schsner, 2002)
In fact, it is possibléo directly observe such distributioftem the neural activity of populations
of neurons tuned to movement direct{@eorgopoulosSchwartz Kettner, 198). The width of
distributions ofpopulationactivation isconsistent with thestimate from the behavioral data
(Erlhagen et al., 1999Thislink between activation fields and population activity in the brain
will reviewed in detail in the next Chapter

Peaks of activation atee fundamentalnits of representation DFT. Peaks signify two
things.First, kecause the level of activation witharpeak exceeds the threshold of the sigmoid
function,the peakeflecsthe fact that an instance has beearated within the activation field
that is now capablef impacing on anyother neurahetworksthat the field projects onto. This
may include the motor system, thatpeaksultimately drive behavior in DFT (exactly how is
the topic of Chapter 4)n a sase, peaks are thugd®O signdts whatever process is driven by
the field Secondlythe location of peakrepresents metric informati@ongthe dimensions
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that span the activation field. Through its location, a pleagsignifiesan estimate of a
perceptual state@f a movement parametanr of other metric feature dimensions.

If perceptual information along the dimension of an activation field is +vailtied,
peaks of activation may represent differkintds of perceptual decisionkigure2.3gives an
example from the perception of apparent mof@rese, 1999)When a point light is first shown
and then replaced by two point lights at different locations, one of three things may happen:
Visual motion may be perceived from the first point ligiid the direction that averages
between the two target lights (fusion). A splitting visual motion may be perceived, starting at the
first light and ending at the two new locations (transparef@ya singlevisual motion may be
seen from the first tonly one of the two new locations (selectiofBee Kim, Wilson, 1993, for
psychophysics of this kindAn activation fieldrepresenting movement direction may represent
all three states of affairl.may generate a single peak centered over the two tghgsitsn). It
may generate two peaks, each centered over the direction to one target (transparency). Or it may
generate a single peak centered over one of the two targets (selection).

In Chapter 6 we will see that thember of peaks that can be simultarsdp activated is
limited by inhibitory interactiona constraint that provides a neural account for capacity limits.
S0, the typical picturen DFT isthat only a small number aftivationpeakss present at any

time.
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Figure 2.3 The left columnillustrates three stimuli of apparent motion in which a spot of brightness(filled circle) is
extinguishedand two spotsof brightness (opencircles) appear elsewhere Suchdisplays may generatea percept of
apparent visual motion asindicated by the arrows. Depending on the angular distancebetweenstimulated motions, the
perceivedvisual motion (black arrows) is either a single fusedmotion (top) in the direction of the averageof the two
stimulated motions (grey arrows), or consistsof two transparent motionsin the stimulated direction (middle), or isa
singlemotion at oneof the two stimulated locations (bottom). The right column showsthe activation field defined over
movementdirection that representstheseperceptual outcomes.On top, the fusedmotion (black arrow) is representedby
a peak positionednear the averagedirection of the two inputs, whoselocationsare marked by grey arrows. In the middle,
two motionsthat are perceivedat the sametime (transparency) are representedby two peakslocatedeachover a
stimulated movementdirection. On bottom, onemotion is representedby a single peak located at the site that
correspondsto its movementdirection, while activation at the other stimulated site is suppressedAdapted from Giese,
1999.

® >0

2.3 Field dynamics

In DFT, activation fields are postulated torm dynamical systesi This meanghat an
activation field,! !'!,!!, defined over dimensionh, evolves in time!, as desched by a
differential equationThis equation has a form analogous ta tls&d for individual activation
variables in Chapter 1. It linkke rate of change of activatidin(! !!), at any location!,
througha"—u!! 1" termto the current level of activation! x,!!. Thisis the stabilization
mechanism thdtmits growth of activation at positive levels and dec&gpadivation at negative
levels. Thaesting level] <!, is assumed to be the same for all field locations while localized
input, ! 11111 "may vary along the field dimension and in time. Thus, the firsetterms in

LI TEQIm T rr )t e e (et n)al g

are identical to the dynamics of individual activation variables, except that the discrete index that
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numbers the different activation variables has been replacex® bgntinuous variabld,, that

spans the field dimension. As before, flagameter! , determines the overall time scale of the

What is differenfor activationfields compared to activation variablisghe
mathematical format of neural interactidine integral is a continuous version of the sum over
all field sites,! I. Each site! !, contributes only to the extent to which activation at that site
exceeds a threshold as mediated by a sigmoidatidumi!! (! 'I1)!. The threshold for coupling
is, by convention, dt ! !, although the sigmoid function may be soft enough to allow
activations slightly below zero to also contribute. Sthrength with which suprthreshold
activation asite,! !, contributes to the rate of change of activativh,,!!, atsite,x, is a
function k!x ! x'!, the distance between the two sitlderactionis excitatory ((! ! x')! 0)
for close distanceand inhibitory ( (! ! 1'') ! 1) for larger distancesThis dependencaf
coupling strength othedistancebetween field sitemakesthe dynamic& homogeneous
integradifferential equation: the dynamics looks the same everywhere along the dimension of
the field. With a solutiony! x!!'!, any shifted version of this solath is also a solution. Only
localized inputss!! I't!, thatdiffer at different field locations, breake homogeneity

Activation peaks are inherently attractors of tiesiraldynamicsAs illustrated in Figure
2.4, local excitatory interaction among locations withipeak of activation stabilizes the peak
from decayinglf this were the only form of interaction, however, activation at the boundaries of
a peak would keep rising, leaditgunbounded expansion of the peakibitory interaction
over longer distances in the field stabilizes pesgainst thiexpansionThus, excitatory and
inhibitory interactiontogetherstabilize the shape of activation peaks. Amari (1977) showed this
mahematically. His and subsequemaly®s help us solve theitvers®@ynamics problem. In
the typical OforwardO dynamics problem that we are taught in math courses, we find the solutions
of a given equation. Modeling entails inverse dynamics, findinggaation that has the desired
solutions. In DFT, we seek equations that have peaks of activation as attractor solutions. The
mathematical analysis shows that the Amari neural dynamics is a possible equation that has
peaks as attractors and we adopt thatgqgn as a possible mathematical formalization of DFT

on that basis.
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Figure 2.4 Left: A sigmoidalfunction, g!! !, approacheszerofor sufficiently negativevalues,and a positive constantfor
sufficiently positive valuesof activation, ! . Right: As mediatedby the sigmoid function, activated regionsin the field
interact by exciting nearby locations(light gray arrow), stabilizing peaksfrom decay,and by inhibiting locationsfurther
removed (dark gray arrow), stabilizing peaksagainstdiffusion.

Through their positive levslof activation, peaks signal the decision in whiclnatance

is created along the underlying dimension. Tdesision is stabilized by neural interaction.

Neural interaction does not stabilize peaks againsssiiifig the fiedl dimensionin the

absence of localized input, the field dynamics is homogersmotigtany shifted version of an
activation peak is also a possible solution. We shall see later in this Chapter, that drift along the
field dimension is psychophysicallyale Localized input may limit or stop such drift.

The two contributions to neural interaction, excitatory and inhibitory, are related to the
two forms of interaction discussed for discrete activation variables in Chapter 1. Local excitatory
interaction isa generalization of the sedfcitation we studied there, while global inhibition is a
generalization of the mutual inhibitory coupling studied for two activation variables. Figure 2.5
illustrates these analogies by visualizing the relationship betweectivation fields and
discrete activation variables. One may think of the discrete activation variables as representing
the total activation within a region in the field that approximately covers an activationlpeak.
this picture we only keep track lafcationsthat receive input at some pointa task settingn
Chapte 1 only two locationsvereever stimulatedand hat is why two activation variables were
sufficient. Local excitatory interaction summed with region shows up in the neural dynesni
of the activation variable as sakcitation. Inhibitory interaction only gathers contributions from
locations at whiclactivation may become positive. For two activation variables, these are the
two regions captured by the two variables, so that rhutb#itory coupling of the two
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activation variablesaptures global inhibitianThis analogy underlines, once more, that local
populations rather than individual neurons are the substrate for representation. The question, how
a particular activatiomariable with a discrete index may come to stand for a particular

perceptual or motoric state is answered by embedding the activation variables in activation

fields. The discrete variables are merely samples of an underlying continuous metric dimension.
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Figure 2.5An activation field, ! (x! (solid dark line), is stimulated by input, ! I x) (solid grey line), with two local maxima.
The field dynamicscan be captured qualitatively by keepingtrack of activation only within the two regions (highlighted
by grey shading)that receiveinput. Total activation in eachregion is describedby an activation variable,! , and u,,
respectively;total input into eachregion by input strengths,s, and s, , respectively.In this approximation, local
excitatory interaction within eachregion becomesself-excitation of the activation variables, while global inhibitory
interaction becomeamutual inhibition betweenthe two activation variables.

2.4 Attractorsandtheir instabilities

In Chapter 1 we discussed attractansl instabilities in some detail for the neural
dynamics of one or two activation variabl&@e mathematical concept of stability and the
mechanisms of bifurcation are really the same for activation fields, but less intuitive and more
difficult to visualize.We shall look now at thevo classe®f attractor solutions ahe dynamics
of activation fields, the suthreshold and the sedtabilized activation patterns and examine the
instabilities that separate thehitting the dynamics from discrete acthi@n variables to
activation fields will provide new insiglmto the meaning of the instabilities and the situations
in which they may arisé he exercises at the end of this chapter invite yoapgomduce all
instabilities discussed here, making usaminteractive simulator of Dynamic Fields.

Detection The simplest stable state of the equation arises when activation is below zero,
and only weak inputs are present. In that limit case, no portion of the field is activated enough to
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return msitive vdues from the sigmoidnteraction is therefore not engaged and the field
dynamics is now independent at each locatiomf the field

(i)t =xte) ! VD T, ) nrgng
Figure 2.6 illustrates this dynamics at one location. At its zero crosgihg,) ! !, lies the
stationary solution

Fo@, D) b r (P r)m e e ry e v

that representthe subthresholdattractor stategssentidy just the inputs!!,!!, shited
downwardby! ! !.As in Chapter 1, we can read the stability of this solution off the negative
slope of the rate of changéthe zero crossindictivation grows if it lies below, decays if it lies
above this stationarstate. If input varies in time, activation will thus track the-thueshold
solutionwith a delay that reflects the time scaleof the field dynamicqStrictly speaking, the
subthreshold solution is not stationary then.)

s(x,1) y,(x,t) u(x)

h h+s(xt

Figure 2.6 The dynamicsof activation, ! ! !, at a singlefield location, ! , isillustrated. This dynamicsis independentof
activation at other locationsaslong asinteraction is not engaged.That is the casearound the sub-threshold attractor,
ug(x!t)! 11 1 (1)1 1 that emergesasthe zero-crossingof the rate of change,!!'! 1. The sub-threshold attractor
becomesaunstableand disappearsif input, ! (x!!!, becomessufficiently strong sothat it pushesthe sub-threshold attractor
toward zerofrom belowand engagesnteraction.

Interaction is engaged as soon as activation approaches zero from below anywhere along
the field dimensionLetOs look around a locatianwhichinput drives activatiomoward the
threshold. Wepproximate the input patterr,! ! as a Gaussiarentered on thdbcation
Figure 2.7 traces the attractors of the neural dynamics when the stretigttiafalized input
pattern increase®Ve start out with weak input, at whichetbnly stable stationary statetle
subthreshold attractor, @opy d the input pattershifted down by the resting level as discussed
above For a single Gaussian input function, this attractor is als@shold hill of activation. As

input strength increases, activation in that attractor reaches threshold from belagimegn
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excitatory interaction, which pulls up the activation within the hilla recurrent cycle,
increasing activation levels within the hill engage local excitatory interactae strongly
which in turn increases activation levels. Through this dnaytlethe subthresholdhill of

activationbecomes unstabla what we call theetection instability

A
input dimension
0 input o
h ~__mee__Sub-threshold hill
A
dimension
0 i 3
h ;/\‘_ suE—threshoId hill
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>
h [\
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Figure 2.7 For alocalizedinput pattern (grey solid line) that increasesin strength (from top to bottom), the attractor
statesof a dynamic activation field are shown.Top: At low input strength, the only attractor is the sub-threshold hill of
activation (black solid line) that mirrors input shifted down by the negativeresting level of the field. Secondfrom top: At
alarger input level, the sub-threshold hill of activation continuesto be stable,but co-existswith a self-excited peak of
activation (black dashedline). This self-excited peakis closeto the reversedetectioninstability: if input were weakeneda
little, the peak would decayand the systemwould return from this bi-stableregimeto the mono-stableregimeillustrated
on top. Secondfrom bottom: For stronger input, the sub-threshold hill of activation (black dashedline) becomesunstable
at the detectioninstability, the upper limit of the bi-stableregime. Bottom: At evenstronger input, the self-excited peak of
activation is the only remaining attractor. The systemis again mono-stable.

What solution does the activation field converge to once thé¢hsabhold state has
become unstabPInhibitory interaction eventually limits thgrowth of the activated region,
leading to a new balance of excitatory and inhibitory interaction. This sethstabilized peak
attractorthat is fundamental to DFWithin the peak, the balance of extita and inhibition
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leads to a positive level of activation, so thas #iitractor is an instance of the dimension
represented by the field, in the sense we discussed e@uiiside the peak, the inhibitory

influence from the peak is unopposed by exartaintelaction leading t@ negative level of
activation below the resting level.

The possibility ofa self-excitedpeakdoes noappeajust as the suthreshold hill
becomes unstabl&his attractor habeen around devels of localized input below the detection
instability. There is a range of input levels, within which both thetsmbeshold hill and the self
stabilized peak of activation are stable. For input levels within this range, the neural dynamics is
bi-stabk. Only one of the two stable states can be realized at any one time. Which state the
system is in depends on the history of activation. In the narrative above, the neural dynamics
starts in the suthreshold hill state and input strength is then increaBleel activation pattern
tracks the change of input strength within the-dubshold solution as indicated by Equation
2.3. Only when the sutthreshold hill becomes unstable at the detection instability, does the
activation pattern switch to the alternaté&ractor, the selétabilized peak of activation.
Conversely,fithe system starts out anactivation pattern nedine selfstabilized peakit
converges to that attractor and stays in that attractor as input chéimgasay happen, for
instance, ithe system has been pushed through the detection instability by a strong input which
is then reduced in strength. Once the system has switched to te@bgited peak, it persists in
this state even as input strength is reduced back below the detiebbf the detection
instability.

As long as there is enough positive activation within the peak to keep the peak afloat
through local excitatory interaction within the peak, the stabilization mechanism of the peak
attractor remains viabl&/hen the leel of localized input falls below a critical level, this
mechanism begins to failhe reverse detection instability occurs, delimiting the range of bi
stability on the side of low levels of input (Figure 2.7).

In summary, when the strength of localized input varies, the dynamics of activation fields
goes through three regimes: mestable with the suthreshold hill of activation as sole attractor
at low levels of input, bstable with both suthreshold hill ad seltstabilized peak of activation
as attractoratintermediate levels of input strength, and mateble with the seltabilized
peak of activation as sole attractohagh levels of input strength. Within the-§tiable region,
which attractor is olesved depends on the history of activation and thus, on the history of input
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strength. Increasing input strength leads to persistence of thkreshold hill of activation

to the detection instability. €&reasing input strength leads to the persistefthe sel

stabilized peak of activation down to the reverse detection instability. This is the same hysteresis
we first discussed in Chapteirithe approximation in which we described the dynamics around
the stimulated location of the field laysinde activation variable with sexcitatory interaction

(see Figure 1.11 there).

The name we chose for tdetection instabilitysuggest thatthe switch from the sub
threshold hill toa seltexcited pealof activation could be viewed as a detection siea. The
peak indicates that an instandevhatever the field represertias been created and is now
capable of affecting downstream parts of the neural dynamics because the activation levels are
sufficient to drive sigmoidal coupling functions aboveozdrhe bistability of the dynamicgist
below the detection instability implies that the detection decigiorams stable even if the input
that induced it, fluctuates in strength. This is a significant feature cfidecenaking in neural
dynamicgthat may be contrasted, say, with the notion of threshold piecoimgnon in neural
network models. According to this notion, a detection is registehemhever an activation
variable exceeds a particular detection thres{dthall, 2004)When such a tlkeshold is first
pierced, fluctuations in the input sigmaby oftenleadto activationfalling below the threshold
again inclosetemporal vicinity to the first detection. Threshold pieram¢hus not a stable
mechanisnfor making detection decisions whéhese are linked tituctuatingsensory signals.
The detection instability, in contrast, makes it possiblaake stable detection decisions in the
face oftime varying and fluctuating sensory input

Another conceptual implication of the detectinstability has to do witltontinuous
versus discrete time. As anganism moves through an environmeetsory inputs typically
vary continuously in time. Out of such tirgentinuous sensory data, the detectramtability
creates an event at a discrete tithe moment when thapid transition from a suttreshold
hill to a selfstabilized peak signifies a decisidBmbedded in a complete sensargtor system,
this event may ultimately trigger motor actions. The discrete moments in time at which such
actiors are initiated thus emerge autonomously from the-tiamtinuouseural dynamics.

After the discrete decision everttgetselfstabilized peakemains coupletb continuously
varyingsensory inpythowever One way this can be seeomes from the fat¢ha the peak is
centered on the localized inpat analyzed mathematically by AmgrD77). The position of the
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peak may be viewed as an estimate of the locatiaunich localized input isnaximal When the
input pattern moves, the peak tracks the movipgtThe peakwill typically lag behind the

moving input, just like any lovpass filter does, and for inptlitat moves too fast may fail to

track (the peak then decays at the old location and a new peak is induced at the new location).
But within theseconstraints, the peadtays connected tane varyinginputthat issufficiently

strong.

Working memory Therereverse detection instability does abwvaysoccur. There are
conditionsunder which even akzo strength of localized inpthe selfexcited pealattractor
persists. This may happen, for instance, for sufficiently large resting level§, which alone
canbe sufficient to keep activation in the selcitatory loopthatsustairs the peakAt a given
resting level, this maligopenwhen the strength of local excitatory interaction is sufficiently
large Under these conditions, whenever a peaksbasehowbeen induced, the peak persists,
sustained entirely by interaction, in the absence of any localized external input inedhe fi

To see the functional significance of sslfstained peaks consider a scenario in which a
peak isfirst inducedby a detection instability at a locatidn,, at which localized input was
maximal.When the localized input is now removed, the peakigp@rand thus effectivelg a
memory of the previous detection decisiomg(ffe 2.9). Its positive levebf activation represest
a memory of the fact that significant input to this fielsexisted at some point. Its location
represents a memory of theeation of that previous input. Sustained peaks of activation of this
nature are the commonly accepted picture for how working meooongs aboun neural
populations, consistent with neurophysiological evidence for sustained firing of agoiron
working memory tasksHuster Alexander 1971;Fuster 2005) This will be discussed at length
in Chaptei6, where will also address capacity limits and how information is brought into and out

of working memory.
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Figure 2.8 The memory instability isillustrated by contrasting a condition in which peaksof activation are not sustained
whenlocalizedinput is removed (left column) with a situation in which peaksare sustained(right column). In eachcase,a
localizedinput (grey solid line) inducesa self-stabilized peak (top row), and is then removed (bottom row). When peaks
are not sustained,the systemswitchesto sub-threshold attractor upon removal of localizedinput (bottom left). When
peaksare sustained,the self-excited peak becomesa self-sustainedpeak (bottom right). The resting level,! ! ! ismore
negativeon the left than on the right. Increasingresting level may pushthe systemthrough the memory instability into
the regime of sustainedpeaks.

Sustained peaks of tatation are really the same attractors as thestalfilized peaks of
activation. We speak of sustained pealterthe localized input has been removéthether or
not a peak is sustained in the absence of input depends on dynamic par&igeter 2.3
illustrates one form ahe memory instabilitya transition in dynamic regime in the absence of
localized inputFor sufficiently negative resting level,(left column in thefigure), theneural
dynamicss monastable with the suthreshold attractonithe absence of localized input. At
higher (but still negative) resting levél(right column in thdigure), the neural dynamics bi-
stable in the absence of localized input. Both thetsrdshold state as well as the sustained peak
is an attractor fathe field dynamicsThe sustained peak will be observed when the dynamics
starts out witha selfexcited peak state as shown in tigeire.In this bistable regime, the
sustained peak is actually a familyiofinitely many possiblattractors, which @& marginally
stable because they can be shifted along the field dimeiziftralong the marginally stable
direction is possible in the presence of noise. Any small inhomogeneity breaks the marginal
stability and leads to the emergence of a single &irétat is localized over any local
maximum of input. The drift and the breakireg marginal stabilityarepsychophysicallyeal and
can be observed in human working memory for metric information as we will discuss later in this

Chapter(Strictly speakig, the marginally stable sustained peaks are not attractors, but it is
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common practicéo still refer to them this way, as they resibtperturbations except lateral
shift.).

Selection Now let us look aslightly more complex input patterns, minima#y input
with two local maxima (Figur2.9). Generically, a selétabilized peak arises at only one of the
two locationsActivation at theother location is suppressed by inhibitory interaction ¢bates
from the activated peaKhe location with suppssed activation cannot conversely inhibit the
activated peak because its activation is insufficient to return positive \ddlthessigmoid. The
timing of activation controls which locatiominsO this selective competitioh location at
which activatiorrises earliereachesuprathreshold levels of activatidirst and begis to
inhibit activation at other locations. Locations at which activation arises later are inhibited before
they can reach supthreshold levels. The temporal advantage of a lopahay arise because
inputs arrive asynchromgly. This is the case, for instance, if one location was previously
stimulated angbrior activation from that previous stimulation biases the selection when a new
stimulus arrives. The competitive advantage @dcation may also arigecause input of
different strength impinges on different locations. The ifipaction ! I'! 111 may favor one
location over another as suggested in Figure 2.9. As a result, activation at the location that
receives stronger inp rises faster and reaches threshold earlier, engaging interaction and
suppressing the further increase of activation at competing locations. In the models discussed so
far, we have nagpecifiedexactly how input profiles arrive. In neural netwqrke pattern of
synaptic connectivitfrom asensory surface to the network determines how sensitively a neuron
responds to a particular input. Input patterns that best match the pattern of synaptic connectivity
provide the strongest input to a given neuftdaykin, 2008) This core mechanism of neural
networks is lumped into the input functidn! !t!, in DFT. @Good matctof an input pattern is
thus captured by large levels of input for a particular location, leading to early rise of activation
at that locéion and a competitive advantagéthat locationThe sekection mechanism of DFE
thus a possible process implementation of the connectionist conception in which the neuron is

selected that responds maximally because its connectivity best matchegt graitgyn
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Figure 2.9Input functions (solid grey lines) and stable activation patterns (solid black lines) are shownasfunctions of the
field dimensionin three situations. Top: Input is bimodal, with identical maximal level of input at two locations An
activation peak centeredon the left modeis a stable statethat may have emergedbecauseactivation wasinitially higher
on the left, becausehe left-most mode was presentedfirst, or by chancefrom fluctuations in input. Middle: When input
to the right-mostlocation is much stronger than to the left-mostlocation, the peak centeredon the left location is no
longer stableand the systemswitchesin the selectioninstability to a peak centeredon the right -mostlocation. Bottom: If
input is then returned to symmetrical levelsfor both modes,the peak centeredon the right moderemains stable,an
instanceof the stabilization of selectiondecisions.

Thedetermination of selection bgmporal ordeimplies that selection choices are
stabilizedwhen input variesOnce a seléxcited peak hdseen erected over a particular local
maximum of input, inhibitory interaction from this peak to all other locations prevents other
peaks from arisig over other stimulated locations even if input to those locations becomes
stronger than input to the selected locatifims can be seen in Figure 2.9 from how activation is
suppressed at the alternate field location even though input to either losaifdhe same
strength. The stabilization of selectidecisiors makes it possible to continuously link an
activation field to sensory input while at the same time preventing the selection decisions from
fluctuating each time the location of maximal ingaties. Contrast this to an algorithm, which
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would select at every moment in time the location of maximal activation. That location could
vary from moment to moment across multiple stimulated locatioressense, stable selection is
a form of robust egmnation, in that components of input that aretrically close to théocation
of the selected peak contribute to the estimate that peak represents, while components that are
metrically far from the selected peak are suppressed.

The stabilization of seleicin decisions has limits. Wén input strengths are sufficiently
different an initially established selection decision may be reveisghle top panel oFigure
2.9, the left most peak has been selected in some way. When themaghinput becomes much
larger than the input to the laftost peaKin the middle panel}Xhis selection decision can be
overturned. A peak at the rightostlocation emergeand suppregsby inhibition the peak at
the leftmost location. This switch involves an instabilityhieh we call theselection instability
Similar as for detection, this instabilibccurs athe boundary of a kstable regiorn which two
attractorsco-exist: a peak centered on either input is stable. Beyond the selection instability, the
system is moorstable, only the peak centered over the more strongly stimulated location
remains stable.

This capacity to select a location from a muaitbdal input pattern generalizesyond
just two locations. Whether or not selection leads to a singleseledpeak or whether
multiple peaks may coexist deperasthe interaction kernel, in particular, its inhibitory portion.
When inhibition levels off at larger distances, then peaks that are sufficiently fafrapaeach
othermay coexistGenerally, as morpeaks are induced, the total amount of inhibition projected
onto other locations increases. This limits the number of peaks that can be stabilized, providing,
in fact, an account for capacity limits of working memory as discussed in Chapter 6.

There are dditional instabilities hidden her&ransitionsmay occufrom a dynamic
regime in which multiple peaks can be stable to a regime in which a single peak is selected.
Transitionsmayoccur between dynamic regimes in which the number of peaks that rexisico
changesln each casdhesenstabilities can be brought about by changes in the strength and
range of contributions to interaction within fields, but may also depend on the metric and
strength of inputs and on the resting level. In principle, the numisercbinstabilities is
unlimited. Another kind of transition occurs within the selective regime. For instance, when the

neural dynamics is fstable, with a peak positioned over either of two local maxima of input, a
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transition may occur to a mosstable regime when the two locat®©move close to each other.
This results in a single peak positioned over an averaged location (Kopecz, Schdner, 1995).
We want to discuss one final instability, a variant ofdatection instabilit linked also
to selection. This instability has broewplications for DFT, in particular, for its link to learning
which will be discussed nextonsider again a situation with a few localized inpl#tarenow
quite weak, howevellVe may think of these inputs as inhomogeneitigbe fieldthat may arise
through sensgrinput from the layout of the scene or may arise from learning processgs/¢hat
somefield locationshigher resting levels than othgsee below)As illustrated in Figure 2.10,
these small inhomogeneitipse-shape the field in the stthreshold state. The detection
instability maynow amplify this preshapanto a full, seltstabilized peakThe input that induces
the detection instabilitynay be homogeneous, that is, contain no specific information about the
location at which a peak to be generated. What happens isshaha homogeneousoostto
the activation level of the fielfirst drives the field through thiaresholdat one of the locations
that are a little more actited than the rest of the field. Interaction engagesands about the
detection instability around that locatidhinhibition is global, tle emergent peak will drive
selectionso that otherslightly lesspre-activated locations cannot generatsls. Even if the
boost is present for a brief momemtly, the bi-stahlity of sub-threshold andel-stabilized
peaksbelow the detection instability helps stabilize the full peak once it has been activated. So
the boostdriven detection instability ampidssmall inhomogeneities in the field into complete
self-excited peaks that represent decisionsiamghctdownstream neural dynamics. Conversely,
the boostdriven detection instability alleviates the demands on senspuwy and on learning
processes: These processesd to deliver only small, graded inhomogges that can theneb
amplified into full decisions without further specific informatidiis may help bootstrap fields
from the sensorynotor domain in which inputs tend to be strong and stable, to the cognitive
domain, in which inputs are internallyrggrated and may be transient and wétsing OboostsO
to activate itemsvill be a topic throughout the book, culminating in Chap#ein which we will
leave the sensomnotor domain farthest behind.
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Figure 2.10Top: An activation field is pre-shapedat three locations,sothat the sub-threshold attractor hassmall hills of
activation there. Middle: An input that is constantacrossthe field booststhe activation pattern, pushing activation
toward zerofrom below, here very closeto the detectioninstability. Bottom: The field hasgonethrough the detection
instability, in which the sub-threshold attractor hasvanished,and hasactivated a self-stabilized peak localized over one of
the three pre-activated regions.

2.5Memorytrace

The neural dynamics we have discussed so far takes place at the time scale at which
inputs vary and decisions are made. Sustgueadts of activation, howevdransform events at
that fast time scale to the longer time scales at which working memorggeg\d working
memory, sustained peaks are susceptible to capacity limits and interference limiting the
persistence of these activation states when inputs vary. Interference arises through the selection
instability when new sensory information competethwhe existing sustained peaks.

A more general neural dynamics at the longer time scale of memory is a dynamics of
learning. The simplest form of such learning is, perhaps, faabiation, as postulated by
William Jameg1899) Habits are formed when pigular behaviors are expenced often
enough. They maki easierto reproduce the same behavid#hile the modern understanding
of habit formation is both more complex and more spectfin,(Knowlton, 2006), the Jamesian
metaphoican beranslated ito DFT as an elementary argenericform of learning: Any
instance of a neural representation, aeetiited peak of activation, leaves a memory trace that
facilitates thee-emergencef the same activation peakthe future(Erlhagen Schsner, 2002.
Figure 2.11 illustrates the mechanidaar a giveractivation feld, the memory trace is a second
layer ofdynamicsthat evolves on the slower time scale of learning. Any stipeshold
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activation in thdield provides excitatory inpumto the memoryrace. Locations at which

activation is above threshaoldus growa memory traceAs the memory trace at an activated
location grows, it decays at all other locations, at which there is currently netstgshold
activation. In the absence of any sugiteesiold activation, however, the memory trace remains
unchanged, neither growing nor decayihgis form of a dynamic memory trace generates a
representation of the history of suthsieshold activation in the fieldhe memory trace, in turn,
provides weakitatory input into the activation fields. This is how the memory trace facilitates
peak formation at the locations at which peaks have previously been generated.

activaton

Figure 2.11Evolution in time of an activation field (top) and its memory trace (bottom). The field receivestime-varying
input at two locationsthat inducesa self-stabilized peak at theselocationsat different momentsin time, interspersedwith
time intervals during which activation is below threshold everywherealong the field dimension. Supra-threshold
locations,the memory trace decays,e.g.,on the left around 15 secondsasthe trace grows on the right. In the absenceof
supra-threshold activation, the memory trace remains unchanged,e.g.,between8 and 12 and again betweenl18 and 20

activation drives the memory trace up at the matching location, e.g.,on the left for the first 10 secondsAt compeing
seconds.

A mathematical formalization of the memory trace invokes a second layer of dynamics

for a field of memory trace levels,,

* mem U1

that evolves on the slower time scalg,,, !
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with strength! ., . The memory trace does not evolve (right hand sfdéquation 2.4et to
zero) when no location in treetivationhas suprdhreshold levels of activation. More complex
learning dynamics may havdaster time scale for the building of a memory trace than for its
decay.

Erlhagen and Schsner (2002) showed howdyreamics of the memory trace generates a

representation of the probability of ever@@nsider awo-choice motor taskpr instancein
which the frequency with which each choigecursvaries across different conditionsegponse
timesco-vary with the probability of each choice according tolyenan law(Hyman, 1953)
Response times are shorter for the more frequent choiteir Dynamic Field modebf the
task Erlhagen and @&sSner represented the movement choices as values of a movement
parameter encoded an activation fieldThe imperative stimuluspecifieswhich choice to
selectand alseserves athe OgoO signal, authorigihe participant to respond. That stimulus
was modeled adgcalized input to that field. This inpdtives the field through the detection
instability inducing a peak at thecation that encodes the cued movement parameter alee.
time, peaksarise &thetwo locationsas illustratedn Figure 2.11. The probability of each choice
determines the frequency with which the peaks occur. The memory trace at the two locations that
represent the two movements converges across trials to levels that reffesjuleacy of each
choice, a higher level for the more frequent movenémse levels feed into the activation
field, pre-activating the field at the two locatior@n any given trial,lte imperative stimulus
encounters, therefore, different initial aetion levelsThe more probable choice starts from a
higher initial levelof activationand thus reaches threshold earlieading toshorter response
times.A detailed mathematical analysis predicts the Hyman law, in which response times
increase with ta logarithm of choice probabilityThe logarithm comes from the exponential
time course of activatiorsdt relaxes tahe attractor. Inverting the exponential to compute the
time at which threshold is reached leada togarithmic dependence on initedtivation levels
See appendix of Erlhagen, Schsner, 2002, for a deriyaithe memory trace could thus be
viewed as a process for how neural representations build probabilistic priors from their history of

activation much as postulated by adherenBagesian thinking in cognition.
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The history of activation may, more dramatically, lead to the emergence of catdgories.
Figure 2.11 we suggested that activation peaksir repeatedly in different, naverlapping
locations. The memory trace thus cots distinct patches, which pshape the activation
field in distinct locations. We have argued above, that the {olvovgn detection instability may
amplify such preshape intdull-blown, seltstabilized peak Figure 2.12 illustrates that this may
lead to categorical responding, so that the memory trace becomes a mechanism for category
formation. In the figure, the field is pshaped by a memory trace with shipeshold hills at two
locations.The imperative stimulus contains both a boost (a honexgeninput to the entire
field) and a smalllocalized input that overlaps with one of the two-potivated locations. The
localized input is sufficient to bias the field toward selecting the location with which this input
overlaps over the alternative location, butag sufficient to drive peatormation and is weaker
than input from the memory trace. As a result fibld generates a sedtabilized peak
positioned over the location peetivated by the memory trace rather than over the location
specified by the localized inpiere we to varyhe precise location of the localized input, the
location of the selktabilized peak would remain largely invariant, dictated by the pattern-of pre
shape. Only when the cue shifts enough to now bias the field toward selection of the alternate
choice doeshe selfstabilized peak shiftn this sense, the field responds categdiida the
imperative stimulus, the categories beingdfstinct locations at which the memory trace has
been built up, prshaping the activation field.
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Figure 2.12Categorical respondingbasedon the memory trace: A field is pre-shaped(dashedline) by a memory trace at
two locations,at which peaksof activation havebeenfrequently encountered.Other regionsof the field are at resting
level. When a weak localizedinput is applied jointly with a boostto the field (grey solid line), a self-stabilized peak (black
solid line) is generatedat the pre-activated location that bestoverlapswith the small, localizedinput. Elsewhere,the field
is suppresseddelow resting level, including at the preciselocation of the small, localizedinput.
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The memory traces an unsupervised form of learning, analogous to the Hebbian
principle, in which the activation patterns experienced in a neural network change the networkOs
functionality. Unlike the Hebbian rulehe memory traces not based on correlation, lartly on
activation itself. It could be viewed adirst orderform of facilitation hat drives BiagOunits of
activation variables, while the Hebbian rulasecond ordeform of facilitation that drives
connections between inputs and activation variables. Continuous time versions of Hebbian
learning rules analogous to the memory trace used here have been proposed from the earliest
days of neural network modelifGrossberg, 1970)n Chapter 14 we will unify Hebbian and
memory trace learning through a formally analogous dynamics. Learning is cexezasdively
in third part of the book.

2.6 lllustration: DynamicField modelof perseverativeeaching

To illustrate how Dynamic Eids and the associated memory trace can be used to
understand elementary forms of embodied cognition, we willyakeow through an
exemplary model, the DFT account for perseverative reaching in-tie-B task. This example
is particularly attractivehecause it happens to invelall four basic instabilities, detection,
selection, memory, and boedtiven detectionas well as the dynamics of the memory trace.

The Anot-B task was first developed by Piaget as a measurdanfts understanding of
object permanencéPfaget 1954) In the canonical task, infatwatch as an experimenter lsde
toy in one of two wells in the top of a boXiter a delay, lhie experimenter pushes thexbo
forward and allows the infamd search for the toyn the firstcouple of OA®ials, thetoy is
hidden in one well, theA®location, and most infants successfully reach for it. Then the
experimenter switches to a GB&l, hiding the toy in the other well ite OBMcation Young
infants who make the-Aot-B errorreach to the A location on the B trials, despite having just
seen theay hidden at B. This only happens when a delay of a few seimposedetween
hiding the toy and enabling the infant to reastound one year of age infants stop making the
errorand search correctly at B on the B trials.

Smith and colleagug4999)developed a variant of the-Aot-B taskin whichinstead of
hiding a toy they simply waved a lid, put it down, and allowed the infant to redahts
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typically reach for one of théds, lift it up,andsometimes put it into their moutHs. this
version of the task there is no hidden toy. Thisle®g version of the tasktisus simply about
how infants@ecide where to reach when there are two possible targets thatragohihgand
grasping.

Thelen and colleagu€2001)proposed ®ynamic Fieldmodel of the Anot-B task. The
motor planning field represertise possiblereaching directionsral is governed by Equation 2.1
with four sources of inputlustrated in Figur€.13 The e/olution of the motor planning field
over thecourse of an A triais illustratedFigure2.14together with the time courses of thide
thesources of inpuflask inputhas two modes, each stimulating movement directions oriented
toward the two locationsf the two lids or objectsThe specific input isentered on the
movement direction toward tleeied locatiorand is only transiently presented while the cuing
occurs. Thenemory traceeflects the history of activation of the field and-pativates the
movement direction of earlier reach@&ese inputs are integrated over time in the motor
planning field. At the start of the trial, before theeis providedonly task input and input from
the memory trace are present, together not stroogginto geneate a sekstabilizing peak, so
thatthe field remains in theubthreshold staté/Vhen specific input arrives, [ilushes the field
through a detection instability'he field generates a peak at the doedtion in the motor
planning feld. In the modebf the young infantsvho make prseverative errors, we postulate
thatinteractions in the fieldre not strong enough soistainthe pealafter the specific input
ceasest the end of the cugg action.Thus, during the delay the field goes through a mever
detection instability, the peak decagsd the field returns to the sthreshold solutionAt the
end of the delay, the box is pushed into the reaching space of the \W&antodel thisy
supplying an additivepomogeneous boogi the entirdield (Schsner, Dineva, 2007} his
movesthe field through doost driven detection instability, and a peafjgserated at the
location with most practivation,the A location In other words, th&eld makes the decision to
reach to A
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input  input trace

Figure 2.13The A not B task entails a baby reaching for one of two objects (here, brown lids) presentedon a movable
box. The motor plan is representedby an activation field (green)defined over movementdirection. A self-stabilized peak,
here shownat the A location, drives reaching. Four sourcesof input to the field a sketched.Specificinput arises(red)
when attention is drawn to onelocation, for instance,by waving the object before setting it down on the box (here, at the
A location). Task input (violet) reflects the visual layout of the scenejn which the two objectsprovide input at their
respectivelocations. The memory trace (gray) pre-activatesfield locationsat which peakshave previously beeninduced
(here, the A location). The boost(cyan) broadly excitesall field sitesassoonasthe box is pushedinto the reachingrange
of the baby.

Task Input Motor Planning Field

time (s)

Figure 2.14Time coursesof the inputs and the activation field of the model of perseverativereaching. This is a simulation
for an A trial that modelsthe behavior of younginfants. The large frame showsthe activation field defined over
movementdirection (horizontal axis) evolvingin time (from front to back). Task input (small panelon top left) and input
from the memory trace (small panel bottom left) pre-shapesthefield at the A (left) and B (right) locations. Transient
specificinput (small panel middle left) inducesa peak early in the trial (peakon the left in front), which decaysagain
after specificinput hasbeenremoved.The homogeneoudoostsupplied late in the trial pushesactivation up broadly.
This inducesa detectioninstability and a peak at the A location re-emerges.

The first B trial for themodel ofyoung infans behavior is shown iRigure2.15.At the
start of the trial, the memory trace and thgk input preshape the field such that there are two
subthreshold hills of etivation, one centered over each hiding location. The peak at the A
location, however, is stronger due to the input from the memory trades$iadilt up over the A
trials. When the specific inpudtimulates the B location, a sekcited peak is built there, which
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again decays once specific input ends. When the boost is provided at the end of the delay, the
field again generates a peak at the A location, at whiclagreaton is highest. The model thus

makes the Mot-B error.

Task Input Motor Planning Field

Figure 2.15Time coursesof the inputs and the activation field of the model of perseverativereachingasin Figure 2.14,
but now for a B trial of the OyoungQOnodel.

Thelen and colleagues (200hpdeleddevelopment byostulating that older infants had
higher resting levels of thmotor planning fieldA higher resting levelh in Equation2.1)
means that activation can more easily reach the threshold level of the sigmoid and interaction can
be engged more easily. The shift to higher resting level is thus a shift to stronger interaction,
and may push the system through the memory instability, beyond which sustained peaks of
activation in the absence of localized input become possilgjere2.16shows the first B trial
for such an OolderO model. At the start of the trial, task inpmtemdry trace prshape the
field as before. fecific input at Binduces a peak at B through tihetection instabilityWhen
specific input ends, however, a sustaipedk remainat the B locatioras the system is now in
theregime that enables working memory. When the boost is supplied at the end of the delay, the

peak at B is further strengthened and a correct reach tomiplied.
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A B location

Figure 2.16 Time coursesof the inputs and the activation field of the model of perseverativereachingasin Figure 2.14,
but now for a B trial of the OoldOnodel.

This model has been used to make several predictions that have been tested empirically.
One predition is that spontaneowsrors, in which infants reach to B on an A triail)
influence whether or not the infant makes thad&B error(Schsner, Dineva, 2007This
prediction probes a core property of DFT. The Dynamic Field model provides a process account
for making the decision to reach to either A oABnacroscopic neural statefamedwhen
that decision occurs peak positioned over either location.sTimacroscopic neural event leaves
a trace, literally, the memory trace, which then in turn may impact future decisions. Thus, in the
model,noise may induce a peak to form at the B location rather than the A location on an A trial,
inducinga spontaneousreor (Dineva, 2005). That peak lays dowmamory trace at the B
location. Thismakes it more likely that the spontaneous errorbélrepeated on later A trials,
andit reduces the probability that thdant will make the Anot-B error! On the first Brial,
both A and B locations have some+aivation from the respective memory traces there, so
that the boost does not necessarily induce a peak at A.

This is in contrast to many connectionist models, in wthehselection of one out of
multiple possble choicess oftenassumed to occur in@reasbutOprocessFor instance, an
alternative connectionist model of then&t-B error(Munakata et al., 1997¢atureswo
neuronghat represent the two choi¢c@meneuronstanding for reaches to #&e othe for
reaches to BThe activation levels of the two neurons at the end of the delay are then interpreted
as the probabiliéswith which either reach isalized. A spontaneous error occurs when the less
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activated neuron is selected, on read out, to méterthe outcome of the trial. Clearly, such a
decision taknoutside the model does not leave a memory trace and thus does not impact on
future outcomes.

Schutte, Spencer, and Sder (2003 extended th®ynamic Field model of
perseverative reachirig capture the behavior of older children in am#ét-B sandbox task. In
the task, children watch as a toy is buried in a long, narrow sandbox. There is a short delay and
then the child searches for the tbythefirst 6 trialsthe toy is buriedt one locabn, the A
location. Inthe last 3 trialgt is buriedat a second location, the B locati@ven the youngest
children tested in this task, t8ontholds, would not make the-Aot-B errorin the canonical A
notB task. In the sandbox version, they digtfue toy on a B trial at a location that is strongly
shifted toward the A locatiofouryearoldsshow this metric attraction to A and, under some
conditions, even children as old as 6 years show the bias.

An importantdifferencebetween this task and the canonicah@t-B taskis, of course,
thatno lids markthe hiding locationsTherefore, the location at which children search for the toy
is a graded measure of their representation of the planned motéat thet.developmentatage
of these children, it is plausible that they are already able to create a working memory of a
planned action. The model should, therefore, be imegene in which it may sustapeaks in
the absence of localized inp&igure2.17showssimulatiors of themodel on the first B trial
There is no task input.p@cific inputat the B locations transient early in the trial, and input
from thememory trace around the A locatioflects previous search&pecific input induces a
self-stabilized peaktahe B location, which is sustainaéter specific input end$Vhen the A
and B locations are sufficiently close to each other (top of Figure 2.18)dtened peak at B is
affected by the input from the memory trace at the A locafibat inputdrives activationupin
the flank of the peak that overlaps with the A location. This increagestion in the peak, so
that inhibitory interaction compensates, suppressing the flank turned away from the A location
more than the flank turned toward the Adton due to the asymmetry of input. The peak is
slowly attracted to the A location. This drift induces the metric bias toward the A location that is
a signature of the Aot-B error.Note that the cause of this form of thenAt-B error is different
from the canonical taskRather than OforgettingO about the cue at the B location, working
memory for the motor intention drifts over the delay toward the A location because there is no
input at the B location to keep the peak anchored there.
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Figure 2.17Time coursesof the inputs and the activation field of the model of the sandboxversion of the A-not-B task,
using the sameconventionsasFigure 2.14.Through the absenceof task input in the sandbox(small paneltop left in both
parts of the figure), the peak is not lockedin place.Top: A and B locationsrelatively closeto eachother. Bottom: A and B
locationsfurther removedform eachother. Note that the memory trace is alittle bit broader in the top portion of the
Figure: the drifting peakleavesa broader memory trace.

When the A and B locations are further aghdttom of Figure 2.17), the sustained peak
at B does novverlapthe memory trace input at Rreactivation around thA locationis
suppressed by the inhibition from the peak at B, aatpiak remains stationary at the B
location.Themodel does not make an error

Both signatures are seen in experiment. Young children show strong metric bias, and the
bias increases as the delay increases. When the A and B locations are further apart, metric bias
toward A is reduced.
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2.7 Conclusion

This chapter hamtroduced the core concepts of Dynamic Field Theory: (1) the
continuous spaces of possible percepts, possible actions, and possible representations; (2) the
time-space continuous activation fields and their neural dynamics; (3jtablfized activation
peaks as units of representation and the instabilities through ybaks emerge and bring about
detection and selection decisipmgrking memory, and categorization; (4) the dynamics of the
memory trace as the simplest form of learninghe next Chater 3 we will show how DFT is
firmly groundedin neurophysiology, essentially, legpturing the dynamics of population
activity in the higher nervous system.

Thatthe units of representation in DFT are stable states is of central impdddDE®.

In Chapter 4, the last of this first part of the book about the foundations of DFT, we will see how
the stability of activation peaks enables linking representations to sensory and motor processes
and thus supports the embodimentognition.Stability is linkel to robustness: When the

neural dynamics of an activation field chagder instance, through coupling to other pafts

larger neural architecturstable peak soluti@resist change. This makes it possible that

Dynamic Fields retain their dynamiogiene, enabling detection, selection, and working memory,
even as they are coupled imeuralarchitecture. This will be a theme in the second part of the
book. Stability is also critical for learnintn the present chapterenshowed how instabilities of

the subthreshold states of Dynamic Fields can amplify small inputs or in homogeineities

field into full, self-stabilized peaksThis changes what learnipgocesses need to achieve. They
need to nudgeeural processes to salabilize new represeéations rather than learn such
representations completelyhis theme will be important in the third part of the book.
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Exercise for Chapter2
The interactive simulatdauncherOnelLayerField_preset solves numerically

the Dynamic Field Equation 2.1 with added random noise, repeated here in full detail:

M IR IRERIADY f!(!! POE(E @) e (A2, 1)!

where the sigmoidal function is given by
|

gt ; T M A2, 2)
The interaction kernel is given by
| 11 h! . !
Loy =Xy l! ¢! - ) ! Linh "4 l! u 1 opi A2 1
P exe 2 &y . rel

Note that in this formulation of theesknel, the amplitudes of the two Gaussian components are
normalized, such that a change in the interaction widithses not change the total strength of
the interaction. Localized input is supplied in the form

YADY Z! I l! (!I!'—z!)!l!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!A2.4)!!

Sliders at the bottom of the GUI provided by the program enable you to control the Wwidths,
locations)! -, and amplituded, -, of three such input$ { ' ', You also havsliders to vary
the parameters,, !, ! exc, ! inn, @ndcgiop. Additional parameters can be accessed via the
Parameters button. Predefined sets of parameter values can be loaded by clicking on the
pop-up menu in the bottom right of the GUI, highligigithe appropriate choice, and then
clicking theSelect button.

The state of the field is shown in the top set of axes in the GUI. The blue line shows the
current distribution of activation,! x!!). The green line is the input shifted by the resting level,
I 1 and the red line shows the field output (sigmoidal function of the field activation) at
each position! ! 111111 "scaled up by a factor of 10 for better visibility. In the bots&hof
axis, the shape of the interaction kernel is displayed. Note that the kernel is plotted over distances
in the feature dimension, with zero at the center of the plot. These interaction pattern is then
applied homogenously for all positions in thddie

The goal of this exercise is to explore and reproduce the instabilities discussed in the text.
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Exercise 1: Detection instability
This works best with the préefined parameter set OstabilizedO. Start out with the field in
the resting state (the defguhnd now introduce a localized input by increasing one of the
stimulus amplitudes. For small input strengths, observe how the field (blue line) tracks the
changing input (green line); this is the ghbeshold solution. When activation first reache® zer
from below, the field output at that location rises (red line). Observe how at this point, very small
changes in input strength lead to a new solution, thestadilized peak, which has more
activation at its peak than input (blue line exceeds greei li
a) Convince yourself that up to the detection instability, the systemsisbile, by lowering
input again to a level at which you saw previously thethuéshold solution. You can
reset the field to the initial condition by pressing Reset button. You will find that
from the resting level the field converges to the-gubshold solution again.
While a selfstabilized peak stands in the field, move the inducing input laterally with the
slider that changes the location of the input functibypou do this slowly enough, the
peak will track input. If you do this too fast, the peak disappears at the old location in a
reverse detection instability and reappears at the new location in a detection instability.
After having induced a peak agdin increasing localized input, observe the reverse
detection instability by lowering the input strength gradually. Close to where activation
reaches zero from above you may observe the collapse of tistadelized peak and a

quick relaxation to the suifireshold solution.

Exercise 2: Memory instability
Vary the resting level,, increasing it stevise. At each level, induce a peak as in the
first exercise and then try to destabilize it through the reverse detection instability by returning
localizedinput strength to zero. At a critical value of the resting level, you will find that the peak
decays slowly, then not at all after you have returned the localized input strength to zero. This is
the memory instability, leading to a regime in which peaksbeasustained without localized
input.
a) You can load a convenient parameter set within the memory regime by selecting the pre
defined parameter set OmemoryO. Induce a peak, remove localized input, then reintroduce
such input in a location close to the sus¢éd peak. In which way is the peak updated?
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Do the same, but now reintroduce input at a location far from the sustained peak. What
happens?

Exercise 3: Selection
Choose the prdefined parameter set OselectionO. Provide two localized inputs by
increasing two stimulus amplitudes to intermediate values (between 6 and 8). Observe how only
the location first receiving input develops a peak.
a) Increase the input strengtihthe second location until you observe the selection
instability.
Return that input strength to the original values. Convince yourself that the system is bi
stable.
Make the symmetric exercise, increasing the input strength at the first location.
Adjust two input strengths to be exactly the same, and make sure that there is some random
noise in the field!( > !). Use theReset button to restart the field from the resting
level. Observe how one of the two locations with input is selected. Repeat sevesal
and convince yourself that selection is stochastic.

Exercise 4: Boosinduced detection

Supply small sutthreshold input that is not sufficient to induce peaks at three locations.
Then slowly increase the resting level until a detection instatslityggered somewhere in the
field. Observe how a peak is generated at one of the three locations that have small input. Try out
how small you can make that localized input and still observe the peak at one of the three
locations. You can do this with @ithout noise.
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[BeginBox 2.1]
Box 2.1 Convolutiongwith Sebastiarschneegans]

Activation fields are continuous in space, but when we numerically solve the integro
differential equations of DFT, we approximate continuous space in discrete stegs vjestlid
for continuous time (Box 1.4This box explains how the convolution of the field with the
interaction kernel is computed, which gives us the opportunity to help create better intuitions
about the meaning of the convolution. We are talking atbasitontribution to the neural
dynamics Equation (2.1)

IRENINNIN f! (0 D) 2.1y

where! is the interaction kernel listed in Equation (A2.2) &nd the sigmoidal threshold
function of Equation (A2.3)The interactiorkernel is analogous in DFT to synaptic weights in
neural networks. These would be the weights with which OneuronsO at lochtjmnagect onto
the OneuronO at locatlarThe integral has a particular form. It is a function of one argurhent,
and ntegrates over the product of two functionse@mction depends only on the integration
variable,! !, the other depends on the difference between the outer vatiahte] the
integration variablé, '. Integrals with this form are called convolutiofifie asterisk in the new
notation,!! ! 11111111 stands for OconvolveO, here, convolve the kérngith the function,
R

We havenOt marked the range over which the integral extends, implying that it extends
over the entire space spanned b/ tariable! . In some cases, such as for spatial memory, this
may be a linear space, e.g., the spatial positions along a line that may, a priori, extend to infinity
in both directionsln other cases, this may be a circular space, e.g., the space of heading
directions, in which case it extends over the complete clrclgther case, we would like the
boundary othe spaceover which the activation field is definéal play no particularole, as
nothing is known in most cases that we model, about boundary e¥eatsvisual field, for
instance, is limited, but the boundaries play no particular role. Vision just Opeters outO near the
boundary.
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When we compute the integral of Equati&2 (1) concretely, we need to commit to a
particular range of integration and need to address the boundaryTissuis. true, in particular,
when we compute the integral numericallinie best way to make the boundaries OneutralO is to
impose periott bourdary conditions on the activation field: Activation at the left boundary of
the field is equal to activation at the right boundary of the field. This is natural for circular space,
in which there is no boundary, so the cut we make when we compute thralisteuld not
matter. It is useful also for spaces at the boundaries of which activation peters out. The period
boundary condition is the most neutral, in a sense. And if activation values are low near the
boundary, the precise boundary condition daesader.

How do we work with periodic boundary conditioris@ure 2.18llustrates the key idea.

On top you see a field over a finite range, here from 0 to 180 degrees. What is plotted is already
the suprahreshold activation field,!! (! ')!, as a funtion of! . The interaction kernel, plotted

in the third row has the same size, ranging freé®d to +90 degrees. Now letOs say we try to
compute the convolution integral for a particular valyegf the outer variable, sday! " deg

as suggested ineHfigure.In the graphical depiction of this computation, we have to align the
center of the interaction kernel with this point in the fidlde following problem arises: The

kernel extends on the left into portions of the field that lie outside the boasadAnd the field
extends on the right beyond the reach of the kevdelcan solve this problem by expanding the
space over which the supttareshold field is defined. This is illustrated in the top two rows. We
simply copy the left half of the fieldhd attach that half on the right, and copy the right half of

the field and attach it on the lefthis imposes periad boundary conditions on the center part,
whichis the true field we are trying to model. &t now makes values available to those parts

of the kernel or of the field that reached beyond the boundaries. On bottom of the figure you see
the matching parts of kernel and sugiteeshold field plotted on top of each other. Computing

the convolution now simply consists of multiplying these twoves with each other at each

field location, and then integrating across the shown range.

This becomeven clearer when we replace the mysterious concept of OintegwdtingO
OsummingO by going to a discrete numerical approximation. On the comps@nplethe
continuousdield dimension! ', by discrete steps in spaiég] " , where! | 11111 11 and
1 (where we chose!” such that is anoddinteger numbégr Here we have assumed

that the range df' is!! 111 (I I 1"# in the figure).The convolution is then approximated as
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where! I 111 1111 is the halkwidth of the kernelThe sum extends to indices outside the
original range of the field (e.gor m=0at! ! ! 1). But that doesnOt cause problems because we
extended the range of the field as shown in Figure 2.18.

Note again that to determine the interaction effects for the whole field, this computation
has to be repeated for each paint In COSIVINA all these problems have been solved for you,
so you donOt need to worry about figuring out the indices in Equations like B2.2 ever again!

[End Box 2.1]
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Figure 2.18Top: The supra-threshold activation, ! 11 11 )1, of a field is shownover a finite range (from 0to 180deg).

Secondfrom top: The field is expandedto twice that range by attaching the left half of the field on the right and the right
half on the left, imposing periodic boundary conditions. Third from top: The kernel hasthe same sizeasthe original field
and is plotted here centeredon oneparticular field location,! ! " deg.Bottom: The matching portions of supra-
threshold field (red line) and kernel (blue line) are plotted on top of eachother. Multiplying the valuesof thesetwo

functions at every location returns the black line. The integral over the finite range of the function shownin black is the
value of the convolution at the location! ! " .
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