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Ahbhstract

A neuwral network is presented which explicitly represents form aitributes and relations
between then, thus solving the hinding problein without temporal coding. Rather, the network
ereates a graph representation by dynamically alloeating nedes to code local form attributes
and establishing arcs to link themn. With this representation, the network selectively groups
and segments in depth objects hased on line junction information, producing results consistent
with those of several recent visual searel expernments. In addition o depth-from-occlusion,
the netwoerk provides a suflicient framework for local line-fabelling processes to recover other
3-12 variables, such as edge/sinface contiguity, edge slant, and adge convexity.

1 Introduction

Visual object recognition in humans is largely invariant to viewpoint. The 2-1) projection of local
obiect Toatures and their relations changes dramatically with change in viewpoini. However, the
3-1 stractural relationships which compose the object do not. Therefore, viewpoint invariant form
reprasentations should explicitly encode the local form attributes and relations between them, so
that the stable 3-1 sirectural descriplion can be recovered from the unstable 2-1) information.

These computational considerasions, hacked up by many psychophysical resulis, support struc-
tural deseripsion models of human visnal shape classification, which have independent, explicit rep-
resentations of Jorm atiributes, and relations between these attributes. Alternative approaches,
such as template matching and feature Hst matching, instead “trade off the capacity to represent
attribute structures with the capacity to represent relations” (Hummel & Biederman, 1992).

Models of early vision typically use a topographic representation, in which several features
that compose a local form attribute are coded al each position in o 2-1) lattice, These features
are explicitly bound by the architecture to their spatial position, but feature conjunctions at the
same position, as well as stroctural relagions between posgitions, such as “next to”, “same edge”,
or “belongs to”, are left implicit. To explicitly represent these relations requires binding, which is
problematic in a neural network architecture due to cross-tatk between the highly interconnected
representagional units (Hummel & Biederman, 1992; Pinkel & Sajda, 1992; Barlow, 1981; Feldman
& Ballard, 1982). As an example, suppose a red circle is at location x1, a green sguare is at
location x2, and color and shape are represented ndependently. Fhen, higher order units that
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detect shape/color conjunctions, invariant to position, are unable to determine which color helongs
to which shape (Feldman & Ballard, 1982).

One general binding approach is spm‘mf coding, 1o which each attribute conjunciion is explicitly
coded by a separate unit (Feldman & Ballard, 1982; Hinton, McClelland, & Rumethart, 1986).
However, using conjunciive codes atb each Jattice position results i an unacceptable combinatorial
explosion of units, The combinatorial explosion can be alleviated with spatial coarse-coding,
although this is only effective given a spatially sparse distribution of attributes, since the degree
of confusion between different attributes varies with the coarseness of the code, or inversely with
the spacing between atiributes {Hinton ot al., 1986).

Another binding approach s lemporal coding, in which attribute conjunctions are represented
by temporal correlations in the outputs of different neurons (Hummel & Biederman, 1992; Engel,
Komig, Kreiter, Schillen, & Singer, 1992). Support for this idea stews from roughly 50 Hz oscil-
lations found in cortex, with high temporal correlations between neurons responding to spatially
distant parts of the same edge of a moving bar, but low correlations between neurons responding
1o the edges of different bars moving in opposite directions (Engel et al., 1992). This approach
sutfers from intringic capacity Imitations, however, due to the Tmited & mnpma} resolation of neu-
rons. Only a small number of different bindings can be simultaneously encoded, and the length
ol time required to measure neural temporal correlations may be too great to subserve real-time
visual binding (Hummel & Biederman, 1992).

A general consideration in evaluating neural binding mechanisms must be the available neural
resoarces. Neuwrons have poor temporal resolution, but have large dendritic fields and large fan
inflan out of connections. Therefore, a spatial coding scheme which takes advantage of these
neural qualities might provide a more powerful binding mechanism than a temporal coding scheme
because it better ntilizes the available architectural strengths.

A siple spatial coding scheme (Feldman & Ballard, 1982) uses units with large dendritic
fields and simple dendritic processing that make them receptive 1o local feature conjunctions,
invariant to posision in the sampling lattice. Here, a combinatorial explosion of conjunctive units
is avoided, but at the cost of spatial uncertainty and inability to distinguish the number of copies
of the same leature conjunction at different spatial positions. One solution to this probiem would

he 1o dynamicaily assign each conjunciive unii to a differens, but useful, lattice position.

A nenral network maodel, the GRAF (Graph of Relations And Form ) model, takes this approach
by dynamically binding nodes coding local form attribotes to critical image locations, and then
binding the nodes into links with each other, thus producing a graph representation capable of
coding 3-13 structure. In contrast to the wany recent models of dynamic binding thai use temporal
codes, the GRAT model creates bindings with a combination of dyvamic gating ol signals 1o Targe
dendritic helds and compeiitive interactions,

b

The GRAT model uses local form attribute information to guide lnking across gaps, linking
hehind objects {(amodal Tinking), and depth segmentation Dased on occlusion, thereby producing
results consistent with those of nmny rocent visual search experiments (])()nno]]y Humphreys, &
Riddoch, 19915 Enns & Rensink, 1994; Rensink & Enns, 1994). In addition, the GRAF model’s
representation i sufficiens to bll])]_)(_ﬂb iocal line-labelling processes for recovering 3-1) variables



such as surface contiguity, edge slant, and edge convexity (Rensink, 1992; Enns & Rensink, 1991).

1.1 Graph Representations

In coding a visual scene, graph nodes can represent local scene attributes, while graph arcs can
represent binding relationships between the local atsributes, such as “connected 07, “belongs to”,
“part of”, ete. As well ag explicitly specifying relations between local atiributes, arcs can control
communication besween the nodes, necessary for relaxation lfabelling (Hummel & Zucker, 1983).

similarly, the GRAF model approaches the binding problem by creating a graph representation
in which nodes correspond to local form attributes and connecting ares are explicitly coded, so
that relations between nodes are explicit, and communication between a pair of nodes occurs only
il their are is active. Note that I use the termn node to refer to graph nodes, and the term newron
to refer to the basic processing units of the peural network. The graph representation is coded by
two sets of neurons corresponding fo nodes and arcs. The firss set consigts of many neural groups,
each group making up a node. A node codes local form attributes and 3-1 structural information
where it is dynamically bound. The second set also consists of nearal gronps, each group making
ap an arc, which codes links between nodes. 1Sach arc joing two vodes represeniing different
spatial locations, and controls all communication hetween them. Unlike the graph representations
typically used in machine vision systems, the GRAT model establishes its representation via a
parallel processing neural network.

1.2 Overview of GRAT Model

In order for a neuaral network 1o create such a graph representation. certain implementational
constraints need to be realized. First, neurons coding local form attribates, which compose the
nodes, should be spatially flexible,  Static allocation of a node at each lattice pogition resulis
in a combinatorial explosion of veurons, since each node requires many nenrons (o eode a Tull
conjunctive set of form features. Rather, nodes are dynamically allocated to spatial positions
as a function of featural salience. Neurons composing a node are thus capable of coding local
information from many possible spatial positions.

Second, each node represents a unique spatial position, so that the mapping from coded
spatial positions 1o nodes is one-to-one. On the other hand, a many-to-one mapping entails losing
spatial and featural identity, while a one-to-many mapping results in an ineflicient allocation of
nedes.

£y

Third, Hinks between pairs of nodes are explicitly coded. The strengih of a link is based on
the spatial positions and attributes coded by its two nodes. Due to the spatial flexibility of nodes,
refative spatial position is recovered only alter the nodes are dynamically spatially allocated. 1
the spatial flexibility of nodes is unlimited, then linkage must be possible between arbitrary pairs
of nodes. Presuming that links have spatial limits, then, as the spatial flexibility of nodes is
restricted, cerfain links can be ruled out hecause some pairs of nodes can never code sufficiently
nearby spatial pogitions to he linked.



Limiting the number of aflowed links by restricting the spatial flexibility of nodes helps to
avoid a combinatorial explosion, since the GRATF model siatically allocates an are for each possible
pairing of nodes, which in the fuily connected case is 2271 ares given N nodes. After nodes
are dynamically allocated to different spatial positions, and code the local Teature conjunctions, a
competitive selection process establishes links {active arcs), thus specifying hinding relationships
between pairs of nodes,

T'he GRAI model is broadly illnstrated in Vigure 1. In Figure la, four “potential” nodes
(¢ircles), and six arcs (dotted lines), wait to code an input. Given a visual input of the {riangle
in Figure 1h, a saliency map of the important lattice positions (Figure 1c) is activated, and three
of the nodes are dynamically allocated to the positions of local maxima in the saliency map,
coding the local form attributes (Figure 1d). Based on spasial relations and form atiributes of the
nodes, the appropriate ares become activaied, as shown by bold dotted lines in Figure le. The
information coded by the nodes and arcs is schematically shown in Figure I, demonstrating a
compressed representation of the object with explicit bindings between line junctions.

1.3 Psychophysical Data

What is the psychophysical evidence that sophisticated form representations are obtained in 3
purely bottom-up “preatientive” manner, ag sugeesied above? Until recently, the prevailing view
was that binding of local leatures between dinensions and across space, necessary to determine
3-1 structure, requires avtention {I'reisman, 19853,

Recent experimenis using the visual search paradigm have shown, however, thal preattentive
representations of 3-D struciure are obiained which require integrating complex information from
localized regions, such as line junctions, across objects {(Enns & Rensink, 1991). In addition,
preattentive structures are obtained by grouping disconnected figures, where the grouping is again
dependent on complex information ai localized regions (Donnelly et al., 1991 Enns & Rensink,
1994; Rensink & Enns, 1994). Therefore, rapid, preattentive vision is capable of tasks once thought
to require atientive processes. To explain the experimenial results, these rapid visual processes
mast be, for the most pars, paraliel and antomatic.

1.4 Physiological Data

What is the physiological support for the GRAD maodel? The model predicts that extrastriate cells
should be found with classical receptive ficlds mucel larger than ihe size of their optimal stimulus.
These cells should, at any one time, respond to only a porijon of their receptive field, ignoring ihe
rest.

Many extrastriate celis, v areas V2 and V4, have been Tound with classical receptive fields
much larger than the size of their optimal sthmull (Desimone & Schein, 1987; Hubel & Livingstone,
1985). Many V4 receptive fields can apparently be restricted to a subregion that corresponds to
an attended location {Moran & Desimone, 1985). Models to explain these data posit attentional
gating ol receptive fields (Van Essen & Anderson, 1990; Degimone, 1992), or a feature-based sup-
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Figure It Mustration of GRAY model: a) four unallocated nodes {(circles), and six ares (dotied
fimes); b) input image of triangle; ¢) resulting activity of saliency map, with local maxima at line
Junctions; d) three nodes are allocated to local maxima of saliency map, coding position and tocal
forny attributes; e} based on codes of graph nodes, arcs between appropriate pairs are activated;
£) information coded by network is depicted by placing nodes at their coded positions, iconically
representing form attributes coded by each node, and showing active ares hetween nodes.
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pression mechanisim {Degimone, 19921, The GRATF model predicts that stimulus-driven receptive
field restriction also occurs independent of focused attention.

In the remainder of the paper, the GRATF model is described in detall and simulations of ithe
model are shown which account for many of the psychophysical results discussed above. the GRAF
model consists of four stages: 1) Fealure Frlraction, in which simple featares are topographically
represented; 2) Feature Abstraction, in which the topographic feature representation is spasially
abstracted into nodes, which code {or attributes and their spatial positions; 3) Aédribule Linking,
in which nodes establish pairwise links {activated arcs) based on their form atiributes and spatial
relations; 4) Depih Segmeniation, in which relative depth is initially esthmated at each node,
based on local form attributes, and estimaies are subsequently refined by relaxation between
linked nodes.

2  Feature Extraction

The fivst stage of the GRAT model is feature extraction within retinotopic coordinates. The
ousput of this stage consists of local form measurements from oriented complex and end-stopped
callg ab each 2-D lattice position. Oriented complex cells represent smooth oblect houndaries,
while end-stopped cells represent houndary discontinuities or segments of high curvature. Many
types of boundaries, such as texture boundaries and illusory contours, are currently ignored for
the gake of simplicity.

The complex and end-stopped cell responses are obtained using oriented filters and subseguent
nonlinearities in a process adapted from Heitger, Rosenthaler, von der Heydt, Peterhang, & Kubler
119923, The responses are combined across oriensation, separately for complex and end-stopped
cells, to produce two saliency maps. The fivst is a Conlinualion Seliency Map (Trom complex
cells), and the second a Junction Saliency Map (from end-stopped cells). The respective saliency
maps provide the bases for allocation of Continuafion and Junction nodes to appropriate spatial
positions in the subsequent eature Abstraction stage. The Continuation and Junction nodes
respectively represent smooth boundaries and houndary discontinuities.

The Feature Extraction stage is schematically illustrated in Figure 2, which shows the Con-
tincation and Junciion Saliency Maps resuliing from an example input image. The detaits of the
Feature xtraciion stage are described in Appendix Al

3 Feature Abstraction

In the Feature Abstraction stage, nodes are allocated to lattice posgitions, where they code local
form attributes, ag illustrated in Figure 1d. This process occurs in parallel for two sets of nodes,
Continuation and Junciion nodes, which code smooth boundaries and houndary discontinuities,
respectively. Countinunation nodes are allocated to activated locations of the Continuation Saliency
Map, while heing prevented [rom coding the same locations as Junction nodes, whicl are allocated
to activated focations of the Juncéion Saliency Map.
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3.1 Composition of Nodes

To understand the Feature Abstraction process, it is necessary to understand the neural compo-
sition of nodes. Bach node consists of three classes of veurons, Peosition, Form Atlribute, and 3-D
Slructure neurons.

3.1.1  Position Neurons

Bach node has its own Position Map, made up of topographically organized Position nevrons in
one-to-one correspondence with a spatially offse chunk of a Saliency Map. With the activation
of a single Position neuron, a Position Map codes the location where its node is dynamically
allocated. Positlon Maps of neighboring nodes overlap, thereby providing flexibility in how the
nodes are spadially dynamically allocated. Figure 3a shows how three neighboring Position Maps
overlap with regpect to a Saliency Map.

3.1.2  Form Atirtbute Neurons

Form Attribute neurons represent conjunctions of complex and end-stopped cells from the Feature
Extraction stage, at the spatial location specified by the Postion Map. By coding conjunctions
ol Tow-level retinotopic features, the precise form attribuie is explicitly represenied by the bes-
matching Form Astribute neuron, which inhibits other Form Attribute neurons of the same node.

3.1.3  3-1 Stpucture Neurons

3-1y Structure neurons can potentially code many variables such as relative depth, convexity, slant,
surface contiguity, ete, although the current GRAL model only codes relative depth. The other
variables can be effectively estimated using local operations, as shown in (Rensink, 1992), and
g0 could be added to the model. Initial tocal esitmaies of these variables can be made based
on each node’s Torm attribute. This estimate can then he updated, hased on information passed
across the ares between different nodes, through relaxation processes. The GRALF model currently
demonstrates this process with the relative depth variable.

3.2 Alocation of Nodes

Lach nearon in a (Continvation or Junction) Saliency Map, which is in absolute, retinotopic
coordinales, sends output (o a single Position veuron in a node’s Posiéion Map., The Position
Maps of nearby nodes spatially overlap, as shown in Figure 3a. A single node is allocated to an
active Saliency Map location via two simultancous competitive processes, The first 1s winner-take-
all competition between different nodes for the same general location of the Saliency Map. This
is accomplished by feadback suppression from Position neurons to the nearby output signals from
the Saliency Map that leed to the other nodes, as well as to nearby Position neurons of the same
node. The second is winner-take-all competition for different, spatial locations between nearons of



each Position Map. These two inhibitory processes are illustrated in Figure 3a. The allocation
process establishes one-to-one mappings between salient locations and nodes. The active Position
neuron determines the image location where the “templates” of the Form Attribute neurons of
the sawe node are centered, and thus the location coded by the node. This process is described
in greater detail in Appendix B.1.

3.3 Coding of Local Form Attributes

Bach node has many Form Attribute neurons, each of which is receptive to differens conjunctions
of complex and end-stopped cells, and so represents different precise form attributes, Bach Form
Atstribute neuron applies a template to the input pasiern wade up of signals from complex and
emd-stopped cells. The Form Attribute nenron with best matching template to the input pattern
inhibits all other Form Atiribute newrons.

Each Form Avtribute nenron can “apply”™ its template anywhere within a large spatial extent,
becanse it has afarge dendritic field which receives several spatially separated input copies. A Form
Aggribute neuron can only respond where the node is dynamically allocated, however, because its
dendritic field is gated by the active Position neuron, as ilustrated in Figure 3b. Activation of
Form Attribute nearons is described in more deiail in Appendix 1.2,

An example of the Feature Absiraction result, given the input image and Feature Extraction
shown in Pligure 2, is shown in Figure 4. Here, nodes are illustrated in their spatially allocated
positions, Junction nodes are depicted with circles, with icons showing their coded form attributes.
Countinuation nodes only code boundary orientation, so they are depicied with oriented bars.

4 Linking Form Attributes

Following the dynamic allocation of nodes and subseguent coding of fomu attributes, pairs of nodes
are linked together, based on their spatial refations and form attribute codes. The linking of nodes
is coded by arcs, which are composed of neurons coding the distance and angle between nodes, ag
weil as neurons coding the strength and direction of inter-node linking,

4.1  Initial Estimate of Linking Strength

Fach pair of nodes has a statically allocated arc. As soon ag the two nodes are spatially allocated,
the spatial relation between the nodes is recovered. Together, the nodes’ active Position neurons
activate, via 2nd order connections, Distance and Angle neurons of the inter-node arc, so that the
angle # and digtance o hetween the nodes” loel is represented, as shown in Figure 5a.

Once the arc codes the spatial relation hetween Ue two nodes, its strength iy initially estimated
hased on the degree of colinearity and cocircularity between the ontwardly continuing boundaries
of the form attributes coded ai the nodes. This is determined by excitatory input to Linking
neurons, which code links in all possible directions between nodes. First, the Distance and Angle
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Figure 40 A leature Abstraction example, given the Feature Ixiraction result shown in Figure 4
as input, is shown. Junction nodes ave depicted by crcles with icons showing the coded Form
Adtribute. Continuation nwodes are depicted by oriented bars. Nodes are shown in their bound

positions.
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neurons excitatorily gate Linking nodes for appropriate possible linking directions, forming a
dynamic template, as shown in Figure 5h. Next, each node sends excitatory grouping signals,
based on its coded form attribates, to the Linking neurons. The degree so which these signals
matceh with the excitatory gating of the Linking neurons determines the strength of the net input
signal, as Hustrated iy Figure 6a. Note that the nodes in Figure 6a can potentially link vertically
and horizontally based on their form attributes, yei the dynamic template in the Linking neurons
(indicated by shading) allows only horizontal inking.

Linking is based on colinearity and cocircularity of the boundary inducers. The linking con-
straints obey spatial grouping rules similar to those of other models, following the principle of
good continuation {Grossherg & Mingola, 1985 Parent & Zucker, 1989; Kellman & Shipley,
1991} Two types of linking exist, corresponding to 1) modal grouping and 2) amodal grouping.
Modal grouping is llustrated in Figure 6b, which shows spatially “fuzzy” colinear grouping signals
of Continwation and Junciion nodes. Amodal grouping only takes place between Junction nodes
which code T-junctions and Terminations, {orm atéributes that indicate occlusion. Amodal group-
ing must often be spatially long-range, so an additional long-range cocircular component is used,
as shown in Iigure 6b. The process outlined above of initially estimating the linking strength is
described in detail in Appendix €1

4.2 Competition Between Links
I

The nitial Tink estimates of dilferent ares mast compete with each other so that, locally, the
mast Hkely links are selected. To appreciate the importance of this, congider two nearby parallet
boundaries. Links shounld only exist along each ol thege boundaries, yet some initial activation
of links belween the different houndaries is nevitabie. The existence of sirong links along each
boundary should thus suppress all ks between the boundaries. In general, finks between differens
houndaries should only code properties such as paralielism or common surface ownership, yet these
types of links are beyond the scope of the carrent GRAF model. Currently, links only represent
the continuation of a single boundary. How do two different arcs “know” i they should compete
with each other? First, competition is only possible i the two ares share a common node, Second,
arcs compete only if they code links in similar direciions. This constraint is enforced by direct
competition hetween the Linking neurons of different arcs. This competition is illudirated in
Figure Ta, where suppression of “cross-houndary”™ links is shown. A simulated example of Hoking,
hased on the Feature Abstraction example shown in Figure 4, is shown in Pigure 7h, before and
after inter-are competition. The process of competition between links is described in detail in
Appendix 12,

5 Depth Segmentation

Now that the nodes are tinked together, a framework exists for information propagation to refine
local 3-1) estimates, based on more global information. Much work has been done on the use of
local operations for line-labelling and ccclusion-based depth segmentalion {Rensink, 1992; Finkel
& Sajda, 1992; Grossberg, 1994). A key to thig process is proper control of communicasion hetween

13
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Figure 6: a) Nodes send grouping siguals based on their coded Torm attributes. I these signals
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then the Linking newrons are activated. Thus, the nodes depicted above link horizontally but
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Figure 7. a) Demonstration of inter-arc competition ig shown. Arcs are depicted with squares, with
activity level depicted by shading. Initial activation of arcs is hased on local grouping information
fleft). The most likely links are selected by competition befween ares sharing a node and coding
simitar direction (right). b) Example of linking of nodes, in which links are depicted with liones,
and line width corresponds to the strength of the link: (left) before competition between arcs;
{right) after competition hetween arcs,



local representations. The GRAYF model achieves this control with its explicitly coded ares, which
bind the nodes in apyropriate relations with each other.

Currently, the only 3-1 structure processing parformed by the GRAY model is relative depth
segmentation based on occlusion relationships. This processing is illustrative, however, of how
other 3-1) variahlm conld be recovered, such as surface contiguity, edge slant, and edge convexity
{Rensink, 1992). The GRATF model’s depth segmentation mechaniom is similar to that of Finkel
& Sajda (1992}, who achieve binding with tags. Their tags do not have a neural implementation,
although the anthors suggest a temporal code implementasion. Depth segmentation in their
model is triggered at “tag junctions”, which oceur at T-junciions. Similarly, the GRAF model
also segments boundaries in depth at ‘T-junctions, which are explicitly coded. in addition, the
GRATL model can be easily expanded to include line-Tabelling processes that require explicit coding
of L-, Y-, and Arrow-junciions.

Any additional 3-13 structure processes in the GRAF model would be controlled by the same
gating mechanism that controls depth segmentation. Communication between a pair of nodes is
gated by the activation of an arc, as depicted in Figure Sa. For depth segmentation, commu-
nication hetween nodes enforces the same deptlh, while at a Junction node coding a T-junction,
communication between two depth representations enforees higher depth for the top bar, and lower
depth for the bottom stem.

The details of these depth signals are Hlustrated in igure 8h. At each node, several 3-0
Structure Depth neurons coarse code depth. The (Iol} th signals between linked nodes are on-
center/ofl-surround, thus encouraging linked nodes to code the same depth. In a Junction node
coding a T-junction, two sets of Depth neurons represent $he stem and sop bar of the T, respec-
tively. The (()I]]])(‘illl\(‘ mteractions hetween these nourcns “push”™ the top bar to a higher depth,
and “push” the stem to a lower depth.

A simulated example of depth segmentation, given the final linked representation depicted
in Figure 7h, is shown in Figore 9, which shows Junction nodes (points) and locally maximum
arcs (Huees) inoa 3-D plot, in which the ordinate represents depih as coarse coded by the depth
nodes. Over time, the occluding and oceluded bars are pushed away {rom ecach other, due to the
cooperative/competitive relaxation between Depth nearons of linked nodes. The process of depih
segmentation s described in detail in Appendix D.

6 Simulations

Simulations use equations and parameters specilied tn the Appendices. The same set of parameters
are used in all the simulations, as weil as in the examples shown ecarfier.

6.1  Grouping across gaps

Rengink and Enns (1994} used visual search tasks to show that an apparent length illusion induced
by Muller-Lyer stimuli is obtained preattentively. Thus, il a target Muller-Lyer figure is “wings-
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Figure 80 a) Communication between nodes is gated by are activation. Communication for relative
depth segmentation consists of “same-depth™ hetween linked nodes, and “higher-” or “lower-
depth” hetween the stew and top bar of a Junction node coding a F-junction form attribute. b)
The seme-deplh signal hetween linked nodes, of coarse coding Depth veurons, is shown (left), and
the higher-depth signal, within a Junction node, from Depth neurons representing the T-junction
stem, (o Depth nearons representing the T-junction top-bar, is shown (right).



a) Initial b) Intermediate ¢) Final

Figure 9: Depth segmentation of Junction nodes (points) and connecting ares (lines), given the
linked representation shown in Figure 7b, is shown. The ordinate represents depth, as coarse
coded by Depth nenrons.

out” and distractor figure is “wings-in”, then search is slow only if the lengths of the entire figures,
including the wings, are the same. They wsed 1his basic result to explore conditions under which
preattentive grouping across gaps binds contour fragments together.

Figure [0a shows example target/disiracior pairs, adapted from Rensink & Fnng (1994), in
which the entire distracior wings-in figure is shorter than the target wings-out figure, but in which
each figure contains gap{s). If the gap is in the middle of the connecting bar, ag shown in the top
two cases, then search is equally fast, regardiess of whether the gap is small or large, indicating
that the pieces are bound together across the gaps. The GRAT model produces consistent resulis,
shown to the right, in which the figures are inked across the gaps. On the other hand, if two gaps
are placed so that the Y-junctions become L-iunctions, as in the bhottow two cases, then search
is slow regardiess of whether the gaps are large or small. This indicates that the pieces are not
Bound fogether. The GRAY model produces consistent results, in which the pieces are not linked
across the gaps.

Figure 10h shows variations involving a center gap. Here, the overall farget and distractor
figures are of the same length, so fast search indicates a lack of binding of the pieces, and slow
search indicates binding of the pieces; see Rensink and Fnng (1994) Tor details. If the right-hand
pieces are shifted vertically, so that cocircular interpolation ol the segments across the gap is
removed, as shown for the top two cases, then binding only fakes place if the gap is swall {(as
indicated by the search results), If both segments are bent so that cocircular interpolation still
joins them, as shown in the bottom two cases, the pieces are bound whether the gap is small
or large. The GRAF linking results are consistent with these experimental results, as shown in
Figure 10h, The ability of the GRAE model to produce these results derives from the use of
two separate constraints for amodal grouping: 1) short-range, fuzzy colinear grouping; and 2)
long-range, cocircular grouping.
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Donuelly et al. (1991) showed that a target is much eagier to find if the distractors group easily.
Figure [la shows target absent (top) and target present (bottom) cases, in which the target is a
Hipped”™ chevron, and the distractor chevrons line up with each other. Search for target absent
and target present are hoth very fast, indicating that the chevrons are preattentively grouped, or
bound, together. The GRAT model produces consistent resulis, shown alongside the stimuli,

Figure 11b shows configurations in which all the chevrons are flipped with respect to those of
Figure 1a. Here, search for target absent and targei present are both very slow, indicating that
the distractors are not grouped together. Again, the GRAF model produces consistent results,
shown alongside.

5.2  Amodal Completion and Depth Segmentation

The example in Figures 7h and 9 shows the GRAF model’s “recovery™ from occlusion, which
congists of amodal completion and depth segmentation. FBons and Rengink (1994) showed that
introducing small gaps between the occluding and occluded objects causes dramatic changes in
visnal search, presumably because the two segments of the occduded object are no longer bound
together. TMgure 12a and 12b ilhustrates this finding, where occlusion in Figure 12(a) results in
amodal linking of the oceluded object and subsequent depth segmentation of the objects. In Figure
12(h), on the other hand, small gaps separating the objects result in no amodal linking and no
depth segmentasion,

Although the GRATF model uses no surface representation, it still demonstrates some rudi-
mentary intelligence in its amodal linking, working entirvely at the level of boundaries. igure 12¢
shows an input image simifar to thas of Figure 124, except that the right-hand segment is shifted
vertically by half its height. The result is that before competition in the Linking stage, three
different, amodal links are equally strong {middle). Due to inter-arce competition, however, the two
correct finks are chosen (right),

The depth segmentation examples so Tar have heen globally consistent. Given a scene which
i globally inconsistent assuming planar objects with no 3-D slant, the GRALF model finds the
best compromise between local cues for dilerent-depth at T-junctions. and same-depth along
boundaries, producing figures bent in depth in a spline-fike way (Figure {2d).

Y  Discussion

Hummel & Biederman®s (1992) dynamic binding model parses images into geons in explicit rela-
tons with each other, using low-level features includivg fne junctions. Like the GRATF model,
their model represents each posgible one-, two-, and three-pronged junction. Unlike the GRATL
model, however, their model fias a full set of these representations at each 2-1) lattice position,
resulting in a combinatorial explosion of units. By dynamically binding nodes to positions, on the
other hand, the GRAD model reduces the combinatorial requirenient by about two orders of mag-
nitude, with the actual reduction depending on parameters determining the number of Junction
nodes relasive to the size of the 2-D lattice. As well ag avoiding a combinatorial explosion of units,
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Figare 10 Simulation results for Muller-Lyer stimuli adapted from (Rensink & Eong, 1994), is
shown. Input stimunli are shown on the left of each column, with linked GRAF representation
shown on the right, with Junction nodes (points), and Jocally maximum arcs (lines) plotted.
Linking across gaps obtained by the GRALF model is consistent in all of these cases with the
experimental results of (Rensink & Eons, 1994).

20



y | ] -
{t J \ ./ Syt f@ 7 e | )

Figure i Simulation vesults for stimuli adapted from (Doonelly et al., 1691) are shown. Input
stimuli are shown on the left of cach columm, with Jinked GRAT representation shown on the
right. Linking across gaps obtatned by the GRAYF model is consistent in all of these cases with
thie experimental results of (Donnelly et al., 1991},
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Figure 12: Simulation resuits demonstrating amodal completion and depih segmentation are
shown. The feft colmmn shows input images. a) Amodal linking of occluded bar (middle), and
depth segmentation {(right) is shown. b) No amoedal fnking (middie), nor depth segmentation
(vight), occurs if there are gaps between the segments. o) H the right-hand segment is shifted
vertically by hall its height, then initial amodal links are inconsistent (middle), but inter-are com-
petition produces correct amodal linking (right). d) Depth segmentation hends in a spline-like
way to satisly focal deptl contraints lor a globally inconsistent figure.
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the GRAF model can recover 3-1 structural information using depth segmentation and (poten-
tially) line labelling processes, which would greatly aid the formation of higher-level compressed
represeniations such as geons.

Finkel & Sajda’s model (1992) computes direction of figure, generates illusory contours, and
produces occlusion-based depth segmentation. All computations in their model take place in a
2-1> Tattice, and fine junctions are not explicitly represented. A key to their model is the use of
pags to “identify elements as belonging to the same object. Tags lnking units responding to the
same contour are used to determine the direction of figure and 1o change the perceived depth of
the entire contour based on occlusion relationships detected at isolated points (the tag junctions)”,
While not committing to a mechanism for realizing tags, the anthors suggest various temporal
coding alternatives. Thus, their wodel is subject to the intringic capacity limitations of temporal
coding. Whie avoiding these capacity Himitations, the GRATF model fn one respect produces a more
powerful representation. By explicitly representing junctions, as well as links between them, the
GRAF model provides a framework for formation of higher-level representations such as geons, as
well as for local line-labelling. Rensink (1992} showed that using purely local processes, constraints
on contiguity, convexity, and slant sign, based on junction type, combined with information prop-
agated between line junctions, can reliably produce good (bat not perfect) line labelling, resulting
in recovery of 3-1) orientation compatibie with recent psychophysical results. Fhe GRATLF model
provides a sullicient framework for these processes, which Finkel & Sajda’s model does not.

Uniike the above models, the GRAF model achieves bindings without temporal coding, by
dynamically binding nodes to locations, then linking nodes fogether based on iheir context., With
its novel binding architecture, the GRAF model provides a new interpretation {or the role of
farge dendritic fields and Tan-in/fan-cut of connections begides mere filtering or leature detection.
The wain innovations of the GRAJ model are thus 1) dynamically hinding nodes to locations to
explicitly code form attributes without a combinatorial explogion, and 2) competing between links
which bind form attributes into explicit relationships to provide a powerful framework for depth
segmentation and line-labelling processes.
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Appendix

All Appendix equations use the mdices (2, ¥) to denote 2-1) retinotopic coordinates, (g, h) (o
denote the 2-1) coordinates of nodes, (2, §) to denote the 2-1 coordinates ol node Position neurons,
where are in one-to-one correspondence with spatially offset sections of retinotopic coordinates,
and & to denote orientation.

A Feature Extraction

A.1 Complex and End-stopped Neurons

Retinotopic Teature extraction produces complex and end-stopped responses (see Heitger et al.,
1992}, by first applying oriented even- and odd-symmetric Gabor-like filters, at & orlentations, to
a 100x 100 pixel image, 7,

,S':;f‘w = ey w Di, A = (odd,even), (n

the outputs ol which are combined to produce an initial complex cell response,

' = FCodd CCeven Y .
Coe = (U550 L2+ (55702, (2)
which is partially normalized across orientation to produce the final complex cell response,

Y (7\3«' ok
Tk T S B "
o d}i\;z} e

(3)

The initiad end-stopped response is computed by a differencing operation in each direction along
the long axis of complox colls followad by hall-wave rectification,

o e ot + .
j‘“ﬁf.'\i[‘,’( - {( AT R R PR N D (';.:..}-[_\l,,(_k,(“i),y--l--.ﬁ.,j(f."?i).I.:] H (4)
v C= [ “ + .
Bt i = LCpa, )ity ()™ O A (k) (8) ed (5)

and the final end-stopped response produced by applying side-inhibition to attenuate end-stopped
responses next (o smooth houndaries,

1/ - e -

"-"nr,;w’.‘ = (B g~ »fj"’:f-‘,y‘l% : {6)

where the side inhibition term is defined ay

Ty T (s (b oyse = Crgtel (7)
and spatial offsels are defined as
ANk, 7Ty = reos{{hm) /K, Ak ) = msin{{kr)/ K). (%)
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Filters used in (1) are

Dypag) = (2raee,)” sin ((‘/mr) i or(exp(—Ar?fol) + 1)) : (9)
D, g) = (2rauey)”" cos ((A’fﬂ')/[‘L"’U'?'{GX])(—--/\‘1'2/05) + 1))7 (10)

where

2 \/{p(:cm((ﬁ/{:)/{\’)m gsin((7k)/ KV + (psin((7h)/ K+ geos((nk) /)2 (11}

Parameters are KN =12, a=4.0, #=60, §d=35 =30 v=12, A=0077h, v=0.2,
Gy =30, o,=20,

ALz Junction and Continuation Saliency Maps

The Junction Saliency Map, SMY, is computed with partially normalized center/surround contrast
anhancement,

" gy
f {]”w A i 'h - (‘f a i;"'!12]+

M = 1 AT (12)
of end-stopped responses averaged acrods orientation,
2

£y, = ”‘;%]{w (13)

The Connection Saliency Map, SM%, is computed fron the maximum response of complex colls,
after contrast enhancement in the direction of their long axis,

JL;AH/J’(( e i‘(". ;1};}.X([( o U} ]fj] ) (l"])
Filters in {12) and {11} are
Ax(paq) = Glpogoon). A= (1,2), {15}
Brlpg) = 20 q.00) — Glp+ A ko), g+ Aylk ov), o)
- G{p = Ak, o), g - A;,(]if,ff'l')f 7y}, (16)

where  (/(p,q,a) = (2mo?) Texp(—(p* + ¢2)/(20%), and parameters are a = 0.01, ¢ = .25,
=100, T9=350, o1=20, 0,=3.0.

B  Feature Abstraction

B.1 Binding Nodes to Locations

A node is bound o a location by activation of a single Position neuron in its Position Map. The
term w indicates whether a variable applies to a Junction aode (w=J) or a Continnation node



{w=C"). The coordinates (g,n) of nodes, (i, 7} of Position neurons, and (2,y) of Saliency and
feature maps are related by
(. ) = (gAY + i, hAY 4 §), (17)

where A% 15 the distance between centers of neighboring Position Maps. The GRAF model is
applied with a geomesry of 9x9 Continuation nodes, each wish a 20x20 Position Map, and 7x7
Jonction nodes, each with a 40x490 Position Map., Thus, fewer Junction nodes than Continuation
nodes are used, but the former are more spatially flexible. Position neurons obey a competitive
shunting differential equation {Grossberg, 1973),

i

'qu tiyg = oD = P S s — P z foll o), (18)
(a3 )£
in which she feedback function is threshold lnear,
fpiry = Blr — 417, {19)

the inpui signal strength is determined by inpui from the corresponding saliency map location,
modulated by the pathway strength minus feedback suppression,
+ . I fm} s + N
S iy = SR = (R, (20
where the input pathway strength,
BT = G = X2, G T 2) (21)

¥

has a symetry )I't‘ais‘ing stochastic component, »* = U{=0.01 : 0.01], and decreases gradually
from the center of the Position Map, with

UL = =il (22)
and the feedback suppression ol nearby input pathways,

Fop =y 23/1 (1% i iV H (g — 90N i (R RO 4§ — 5, (23)

w e w) g R
i which (w', g/, B 7L 7Y 5 (w, g, hai, 5), decreases with distance,

M J) = expl- ( + /'\‘Z(ffr it JilL 7] < 1Y, 0 otherwise. (24)
Feedback suppression is asymmetrical between Junction and Consinuation noedes, Junction nodes

enjoying a competitive advantage with Q(/) = (), and U} = (7, J). Parameters are o= 0.2
B=1.0, v=0.1, v=1000, ¢f=6.0, A/=AC=10, V=20, T/ =40, =6
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B.2 Activation of Form Attribute Neurocons

Each node containg a set of M+ For Attribute (14} newrons. The FA nenron with hest matching
gemplate Tor complex and end-stopped cells, applied where the node is bound, is chosen.
FAY, o= 1Al Madeh® (g, e, ) > Mateh®{g, h,m YV o' £ m, 0 otherwise, {25}

g i

where

Mateh®{g. h,m) Z]; i) Z“q;.z,,‘m;(u,ﬂr

kzzd
2K
hry it

Z i ORI RITN 1\'( AT E WIE AN TR YN +

fe=zl

2K

N it it BYS
L ‘/T/_rf,h,f,_j,m,L‘—I—IH\" j":r:,'g,t,k y (‘?’())

and @ node is bound only if it has a Position nearon above threshold,
Jelry = fplr) i fe(r) > ¥, 0 otherwise. (27)

Parameters are §=7.0, ¥/ =072, ¥ =0.16

The details of the weight templates W oare not specified. Note that only M7+ M different
templates exist, however, cach consisting of 54 components. The indices (g, h) indicate which
node the (emplate belongs to, and {7, §) the templaie’s gpatial position within a dendzritic field.
All spagial positions within a (I('mh]ll( field contain a copy of the same template,

C Linking Form Attributes

C.1  Initial Estimate of Linking Strength
.11 Grouping neuwrons at each node

ISach node has 2/ grouping neurons which code the grouping strength in each of the 24 divections.
Grouping strength is a Tunction of a combination of the winning 4 neuron, indexed by M, and
the feature signals from complex () and end-stopped (B9 neurons.

o N W
(T[,l,h,l’f o (])f Z EV{;,!‘) 2,770,k f{ ( TS .4’} +
e (M5

wo N\ ) ' 7
¢5 D Wil igamb i S Clp A e sy a i)
L eO(M.L)

wo N : o ! .
(I)I’; L lfI'f\rsz,z‘.j;m.J."‘+:U\" ,/(,‘ ( *"J;i..'.‘g,ulc’ }* (‘28)
L EO(M )



where featural signals are compressed, f{7) = 7/(« + 7}, amodal grouping takes place in the
direction opposite to a termination,

: Lok K mod 2R A indexes a Termination or T junction, .
O(M. k) = { (B, (k+ K)mod 28 ) il M indexes a Termination or T-juncsion, (29)

(k) otherwise,
and parameters are a=0.1, §=7.0, #/=0.0, ¢{ =10, &f{=d{=0.5, =05 =1.0.
C.1.2 Recovery of spatial relation between nodes

Activation of Distance and Angle nearons is approximated by directly calcutating the di%tau((‘
and angle between nodes hased on their maximally active Position neurons, 1%, - and P

r,l’ h il
Dist{g, h,¢', b} = \/{;r: — ) {y — )%, (30)
Angle(g, h, ¢, 1) = K/marctan(y — ¢, 2 — 2"), (31)
whaere
) L . " . o . e
(e, ), (20" = (gAY 0, A+ ), (/A @ RAY + 7). (32)
An arc only exists if the maximum p(’)ssih%@. distance hetween its pair of vodes falls below a
Hmit, whiclh is implementad as 30.0, 100.0, and 200.0 {or arcg joining twoe Continuation nodes,

a Continuation node with a Junciion uud{‘ and two Junction nodes, respectively, resulting in a
tosal of about 9,000 arcs.

C.1.3 Input to arc’s Linking neurons

The initial estimate of lin’kiygst.mngth is the fnpat to a Link.ing newron, _]'_l‘;f’,fy,!h,,k, which is
determined by the angle and distance between the nodes, combined with the nodes’ grouping
signalg. The identity of the two nodes are given by (g, h,w) and {g¢', ', w’).

’
il

gt Ak - jf< (!r,l’ AR K ymodd 200
expy (~(O ik, Angle(g. g, 1)) f203) — (Disi(g, h, g’ 1)) (20%))
4 Amodal{w, g, W', 9", 1R, (33}

where the angle difference function is
O yplk, kY = min (k= & 4 287y mod 2K, |k~ F ~ 2K mod 2K}, (343
and the amodal component is

e »
Amodal{w, g, h.w', g' W kY = L(-r'.;;’_‘h“;‘.,(:’_;}’,‘h_,,;;u
}".i

exp( ------ (Oqirlk. Anglefg, b, ¢/ ROV (208 — (Dist(g. h.g's b)) /(2(7”.,)) (A5
where £/, & correspond to orientations of amodal grouping signals, and are cocircularly related,
B (B I 20 g0, Anglelg, b, g, 1)) mod 2K (36}

Parameters are gy = 6.0, og = 120, op = 3.8, o4 = 2510.
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C.2 Competition Between Links

Activation of Linking newrons L obey an on-center off-surround competitive shunting differential
equation,

&, ! w ! ; ww’ SAUPRION w e whe e
E{j gt itk T "”sz,ft-,fz"fa-’,kr + {1 ‘g g e JExcite ~ Lsfglu_rf’."i"f\‘inhlh’ (37)
where
T e wh! w v’ 2 BYS
xcite = 1(1 [ONTANAN S + (1 NN f') ! (J’h)
Wi ut®? 8 (b bl
[uhib = Z, Z Z Lz; fog!t ke + ]’ i h” (,l’ hi, A’)()r&t“()ﬁ(’r"“’" )
o H(__(j!( )‘(’,Hhh‘ Al
5 7w’ . AN 20
—Z L_z,l,.'i,_(,",h’,!: ()fd“()]}( 2 ]')“ (')’())
in which inhibition decreases with orientational difference,
Opion( ke k) = 200270 ) exp(—(Ogiqlh, BN 208)), (40)

and ag = LA,

D Depth Segmentation

Fach node containg a set of N deptl neurons which coarse code depth. A node’s Depth neurons
are excited and whibited by Depth neurons of other nodes it i nked to. In addition, il a node
codes a T-junction, then it has two sets of A Depth neurons, one set representing the depih at
the top ha.l ol the T, and the other set representing the depth at the terminating stem of the T,

Depih signals boetween nodes are gated by the swmed activity of Linking veurons at their

connecting arc,
2R

f,'a gt ! = Z ]':,‘I‘Ti}’,h"k' (41)
=1

Input to a node is distinguished by the Form Attribute stem it belongs to (an L junction bas 2

stems, an Arrow junction has 3 stems). Different inputs to the same stem s are summed, and the

summed inputs to different stems are multiplied. Finally, excitatory and inhibitory input to the

nth Depth neuron is determined by convolution of other Depth neurons, centered at n, with the

excitatory and inhihitory interaction kernels.

Link'"

d . . .
;}7!),, o = DT SR (- DY Mixcite — D Inhib, (42)
where
N
Fxcite = \" Link® (o D A3
sxcite = [ >0 Lin e Cen(n — ') U, Rt s (43)
s gl Bt nf=1
E - .. ,w,w' N e at et
hib = [T > Limky L Sur{n — 0 Y% (44)
5 gt R w! nfm=]
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in which stem mewmbership functions (not specified here) are s € Stems(g, b, w) and
g’ W eStem(w, g, b, s). The excitatory {center) and inhibitory {surroend) kernels are
Cen(n) = yeexp{—n2/(2N%2)), {15)

Sur{n) = (1 — exp{=n2/(2N202)). (16)
Finally, cross inhibition is added to Inhib in {(44) il the forn attribute is a T-junetion, in order to

push the top bar of the T-junction to a higher depth, and the terminating stein of $he T-junction
to a lower depth,

N oy e
Doy Uplne — 0¥ % il top bar, ,
Crosalg.fu) = { %Zi\rl I'):JE\:11(?J m')-nf‘r);;;:fwl ii']h(-)lfl(;m glem (47)
wfz ] B ' A gkt SRR R
where
Up(n) =14 n/(c+|n)) Down(n) =1 -~ n/{c-+|ni), {48)

and D' denotes the other set of Depth neurong at the same node.  Paramoters are N = 10,
a=40.1, =01, v.=30, v,=1.0, ¢=0.5, F.=a,=0.075.
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