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Abstract specific patterned lateral connections that could implement

such rules exist in the visual cortex (Bosking et al. 1997;

Contour integration in low-level vision is believed to occur  Fitzpatrick et al. 1994). Grossberg and Williamson (2001)
based on lateral interaction between neurons with similar ori-  ghowed computationally how such lateral connections could

entation tuning. How such interactions could arise in the brain X : . Lo )
has been an open question. Our model suggests that the inter-g\(/j:%;}gsacmeve stable contour integration with fixed recep

actions can béearnedthrough input-driven self-organization,
i.e. through the same mechanism that underlies many other de-  However, it is currently unknown how such detailed affer-
velopmental and functional phenomena in the visual cortex. ent and lateral connection patterns could emerge during de-

The model also shows how synchronized firing mediated by .
these lateral connections can represent the percept of a con- velopment. Furthermore, since the models are based on rules

tour, resulting in performance similar to that of human contour  Uniformly applied over the whole model cortex, they do not
integration. The model further demonstrates that contour inte- €xplain differences in contour integration performance across

gration performance can differ in different parts of the visual  different areas of the visual field. For example, contour in-
fie:(o)l, gweepnetnd'li'?]% ?T':‘Otggl ':L”udss Orfoigﬁggsézei)r’nre;r‘ig’nﬁ d‘érricneg ?li;l tegration has been found to be absent in human peripheral
ve . .. . . .
pher?omenon onto detailed ngural mechanis?ns, so tF;lat vgrious vision (Hess and Dakm 1.99.7)’ ar.ld convexity of |IIu.s.ory con-
structural and functional properties can be measured, and pre- 1OUrS are harder to discriminate in the upper hemifield com-
dictions can be made to guide future experiments. pared to the lower hemifield (Rubin et al. 1996). The goal of
this paper is to show that all these phenomena can be due to
. input-driven self-organization of the visual cortex. This way,
1 Introduction contour integration can be seen as a necessary effect of the
Contour integration in low-level vision means forming a co- Same developmental process that is responsible for the orga-
herent percept out of a discontinuous sequence of line seddization, plasticity, and several functional phenomena of the
ments (figure 1). Contour integration is a special case of pervisual cortex.
ceptual grouping; it takes place early on in the visual process- Several models of self-organization have been proposed
ing system and lends itself to precise psychophysical meato explain how the orientation maps in the cortex could
surements. Thus, understanding the neural mechanisms uferm (Bartsch and van Hemmen 2001; Burger and Lang 1999;
derlying contour integration can give us insights into how per-Goodhill and Cimponeriu 2000; Kohonen 1981, 1982, 1995;
ceptual grouping in general can be implemented. Miller 1994; Obermayer et al. 1990; von der Malsburg 1973).
Psychophysical experiments (Field et al. 1993; Geisledin most of these models, only the afferent connections self-
et al. 1999, 2001, Pettet et al. 1998), neurophysiological ob-organize while the lateral interactions are represented as a
servations (Gilbert and Wiesel 1990; Bosking et al. 1997;fixed, uniform interaction kernel. In those models where
Fitzpatrick et al. 1994), and computational models (Geislerthe lateral connections adapt as well, the final connectiv-
et al. 1999, 2001; Grossberg and Williamson 2001; Li 1998;ity pattern is elongated, but not patchy like the patterns in
Ross et al. 2000; VanRullen et al. 2001; Yen and Finkelthe visual cortex. Therefore, such models cannot account
1997, 1998) suggest that contour integration in the visual corfor functional phenomena that depend on the specific pat-
tex may be due to lateral interaction of neurons with sim-terns of lateral connections. With this goal in mind, we re-
ilar orientation tuning. In the preceding models, such in-cently developed a model witkxplicit self-organizing lateral
teractions are hard-coded based on specific association conennectionsshowing that patches of strong lateral connec-
straints (Li 1998; Ross et al. 2000; VanRullen et al. 2001), ations develop between neurons with similar orientation pref-
predetermined set of rules such as relative orientation differerence, and that these connections can serve as a foundation
ence, distance, curvature, and change in curvature (Yen anfor segmentation and binding (RF-SLISSOM, or Receptive
Finkel 1997, 1998). The models match experimental dataField Spiking Laterally Interconnected Synergetically Self-
quite well. Neurophysiological observations have shown thaiOrganizing Map; Bednar and Miikkulainen 2000b; Choe and
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/ — | — | — chological data. This way, the model (1) shows how the cir-
N —/ \ / — cuitry 'for.contour inte_gratiqn could arise from ggneral self-
~ | =\ .~ organlzat!on meqhanlsms in the bral.n, (2) provides further
~ N/ — 7 | computational evidence for synchronization as the substrate
| o~ — — / for segmentation and binding, (3) grounds an important per-
/1 N~ ~\ ceptual grouping phenomenon on a detailed neural architec-
N — \ / ~ \ ture, where various functional properties can be measured,
- = \ /O and predictions made to guide future experiments.

_ 2 Model Description
Figure 1:Contour Integration Task. This figure shows a typical L .
inputimage used in psychophysical experiments on contour integr#-1 ~ Motivation and Overview

tion. Human subjects are instructed to find the longest cqntinuou‘ihe contour integration model is based on the RF-SLISSOM
contour consisting of separate line segments embedded in a back- del of self izati d tation in th .
ground of randomly oriented distractors. In this example, the con!T'0U€! OF Seli-organization and segmentation in the primary

tour consists of six segments, running diagonally from middle-leftvisual cortex (Choe and Miikkulainen 1998). In this model,
to bottom-right. each cortical neuron receives afferent connections from the
input layer and lateral excitatory and inhibitory connections
from neighboring neurons in the cortex. The connection
Miikkulainen 1998; Miikkulainen et al. 1997; Sirosh 1995; strengths self-organize based on correlations in the activity.
Sirosh et al. 1996; Sirosh and Miikkulainen 1997). Self- | the final ordered map, the lateral excitation has a short
organization of laterally connected maps is the first main p””'range, and causes neurons responding to the same connected
ciple of the contour integration model presented in this Papefinput object to fire synchronously, effectively binding the
Patterned lateral interactions are strongly believed to congpikes into a single coherent representation. The lateral in-
tribute to contour integration, but how does the visual SYS-hibitory connections have a long range, and establish compe-
tem represent a contour as a coherent object with its neurajtion between representations of different objettseurons
activity? A separate line of research has produced a possfepresenting different objects fire at different times, and the
ble answer to this question. Experiments have shown ththut is thereby segmented into different objects.
feature binding and segmentation in the visual system may This previous model showed how self-organization and
be based on temporal coding produced by synchronous angegmentation can be achieved in a single unified framework.
desynchronous population activity (Eckhorn et al. 1988; En-The |ateral interactions play a crucial role in both behav-
gel et al. 1991; Gray and Singer 1987; Gray et al. 1989; segyrs: they establish competition that drives self-organization,
Singer and Gray 1995, Gray 1999, and Singer 1999 for gynq they establish desynchronization that drives segmenta-
review). Locally synchronous firing has been observed foftjon. The model did not include any long-range excitatory
example in the visual cortex of cats and monkeys. Recordgonnections because they were not found necessary to model
ings of single-unit activities, multi-unit activities (MUA), and e above behaviors. However, it turns out that such a parsi-
local field potentials (LFP) in different areas of the visual ponious model cannot account for filling-in phenomena such
cortex were taken, and neurons with non-overlapping recepys contour integration. The network has to be able to bind
tive fields were found most likely to be synchronized Whe”together representations that are separated by gaps: that is,
the receptive field properties were similar, or when the firingj; has to have long-range excitatory connections that link to-
represented global stimulus properties Computational mOde'éether the representations of the different segments of a frag-
also demonstrated that such a behavior can be obtained in@ented contour.

network of neurons with temporal dynamics (Eckhorn et al.  The model is extended in this paper with such long-range
1990; Gerstner 1998; Grossberg and Grunewald 1997; Horgyitatory connections (figure 2). The extended model is
and Opher 1998; Reitboeck et al. 1993; von der Malsburg.;jed PGLISSOM (or Perceptual Grouping LISSOM; Choe
1986, 1987; von der Malsburg and Buhmann 1992; Wangypo1). The cortical network is divided into two separate com-
1995, 1996, 2000). Therefore, segmentation and binding b¥)onents: MAP1 and MAP2. MAP1 is similar to the RF-

sync_hronize_d firing is the second main principle of our con-g| |SSOM cortex with short-range excitatory and long-range
tour integration mode. inhibitory connections. This map has the task of driving the

_In this paper, the above two principles are unified into ase|f-organization of the network into an ordered map. MAP2
single model. We demonstrate that the orientation map an

the lateral connections self-organize so that the functional ‘Although long-range connections in the cortex appear to be

statistics of lateral connections become similar to edge coMOstly excitatory, their effect can be inhibitory through inhibitory
9 interneurons (Grinvald et al. 1994; Hata et al. 1988; Hirsch and

occqrrence statistics in_r_latural images. These connectior@”bert 1991; Weliky et al. 1995). RF-SLISSOM abstracts such in-
mediate synchronized firing of neurons, so that the contouterneurons and models the overall inhibitory effect as one connec-

integration performance of the model closely matches psytion.
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performs the task of long-range segmentation and bindingwheref,s. is the base threshold,s(¢) implements the ab-
with long-range excitatory connections that perform contoursolute refractory period during which the neuron cannot fire,
integration, and long-range inhibitory connections that im- 6, (t) implements the relative refractory period during which
plement segmentation of separate objects. The two mapiring is possible but requires extensive input, and a scal-
are assumed to be overlaid in one cortical network: such ang constant. The absolute refractory comporgnt (t) is
functional specialization across laminar layers of the visualdefined as:
cortex is consistent with known neuroanatomical data from

layers 1V, VI, and II/lll of the visual cortex (Grossberg and g, (t) = {
Williamson 2001). In other words, the model is based on

the hypothesis that some of the neurons in each cortical COlghere ., . determines the length of the absolute refractory
umn are involved in establishing and maintaining organiza-erig, andy(t) represents whether a spike occurred at time
tion, whereas others perform visual segmentation and bindj.

ng- y(t) = H(o(t) - 0(t - 1)), (5)

2.2 Neuron Model where H(-) is the Heaviside step functiong(¢) is the
The details of the neuron model are illustrated in figuie 2 weighted input sum (equation 7), add — 1) is the dy-
Each connection is a leaky integrator that performs exponennamic threshold. The relative refractory component(t) is
tially decayed summation of incoming spikes (i.e. convolu-implemented as an exponentially decayed sum of the output

oo ify(t—1i)=1foranyi < Kans
0 otherwise

(4)

tion with an exponential kernel; Eckhorn et al. 1990): spikes (figure @), i.e. a leaky integrator similar to the leaky
: synapses:
— _ —An
S(t) = nz::()l'(t Tl)e ’ (1) erel(t) — y(t) + erel (t _ 1)6_)“51, (6)
wheres(t) is the current decayed sum at time step(t —  where), is the decay rate.

n) is the input spike (either O or %) time steps in the past, Eckhorn et al. (1990) and Reitboeck et al. (1993) de-
and) is the decay rate. Different types of connections havescribed a similar dynamic threshold mechanism, consisting
distinct decay rates), for excitatory and\; for inhibitory ~ Of f,a5c andé.e; only. The absolute refractory period was
lateral connections, andl, for intra-columnar connections. included to our model to ensure that the neurons do not fire
The sum can be defined in a computationally more practicatoo rapidly. An added benefit is that synchronization is more
form as a recurrence equation, which is used in the currentobust against noise (Choe 2001).

implementation: 2.3 Network Activation and Learning

s(t) = z(t) + s(t — Ve, (2)  The organization of the network is shown in figuile Zhe
inputo; ;(t) to the spike generator of the cortical neuron (in
each map) at location,(j) at timet consists of (1) the input

. from a fixed-size receptive field in the rethaentered at the
cay rate (Eckhorn et al. 1990). The leaky integrator model ocation corresponding to the neuron’s location in the cortical

the Post-Synaptic Potential (PSP) that decays exponentiallP{etwork (2) from neurons around the same relative location

over time in biological neurons. By adjusting the decay ratemthe opposite map, and (3) excitation and (4) inhibition from

A, the synapse can function as either a coincidence deteCt%reighboring neurons in the same map:

or as a temporal integrator. When the synaptic decay rate is

high, the neuron can only fire when there is a sufficient num-_ .\ y y

ber of inputs coming in from many synapses simultaneously. "’ () =90 Z Ervrabijirars + % Z CorpaVijivs

On the other hand, when the decay rate is low, the neuron ac-

cumulates the input. Thus pre-synaptic neurons can have a  +Ye »_ Mi(t = DEiji — % Y mua(t = DIijw), (7)

lingering influence on the post-synaptic neuron. By varying k.l k.l

the decay rates for different types of connections, the relativ&/
ff

where s(t) and s(t — 1) are the current and previous de-
cayed sumsg(t) is the current input spike antlis the de-

T1,72 p1,P2

. ) ; here v.,7., 7., and~; are the relative strengths of the
time scales of the different connection types can be controlled ¢ rent  intra-columnar. and excitatory and inhibitory lat-
to obtain Qe3|rable synchronization bghawor. eral contributions¢,, », is the input level of retinal neu-

The spike generat_or compares the input to a thresho_ld ang (r1,7), f1i;.r.r, IS the corresponding afferent connection
deC|d_es whether to f_|re a;plke. T*.‘? threshold is dyne_lmlc, de\7veight, (py,pe IS the decayed sum of spikes of the cortical
pending on the previous firing activity at the neuron, in order

. ) “~neuron fHy, p2) of the other cortical mapy;; p, p. is the cor-
tp model thg refractory period and to improve synchronlza—responding intra-columnar connection weight; (f — 1) is
tion. It consists of three terms: -

2The preprocessing in the retinal ganglion cells and lateral genic-
0(t) = Opase + Oabs(t) + T0rer (1), 3 ulate nucleus (LGN) was bypassed for simplicity.
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Figure 2:Overview of the PGLISSOM Model. (a) The neuron model. Leaky integrators at each synapse perform decayed summation of
incoming spikes, and the outgoing spikes are generated by comparing the sum of weighted sums to the dynamic spiking threshold. Four types
of inputs contribute to the activity: afferent, excitatory lateral, inhibitory lateral, and intra-columnar connections. The dynamic threshold
consists of the base threshdg.s., the absolute refractory componehts, and the relative refractory componéeht;. (b) The overall
organization of the network. The cortical network consists of two layers (or maps): MAP1 has short-range excitation and long-range lateral
inhibition, and drives the self-organization of the model. In MAP2, both excitation and inhibition have a long range, establishing binding
and segmentation. Both maps receive input from a model retina, and neurons in the vertically corresponding locations on the two maps are
connected via intra-columnar connections representing a cortical column.

the decayed sum of spikes from the map neukqih) (@t time

t — 1, E;; r; is the corresponding excitatory affigh »; the in- 10 (i, j), ws; ma (t—1) is the previous weighty is the learning

hibitory lateral connection weight, ang(-) is a piece-wise rate ¢, for afferent,a.. for intra-columnare, for excitatory,

linear approximation of the sigmoid function that squashesande; for inhibitory connections), ant;; (¢) andV,,,,, (t) are

the net input sum between 0.0 and 1.0: the average spiking rates of the neurons. Those connections
that become less than 0.001 in this process are killed, model-

wherew;; mn (t) is the connection weight from neur¢m, n)

0 @f z<d ing death of unused connections.
glr)=<¢ 1 5 ifz>f (8) This process of weight adaptation is repeated with inputs at
f;,; otherwise random locations and orientations, and the neurons gradually

become sensitive to particular orientations at particular loca-
whered is the threshold and is the ceiling. tions, resulting in a global retinotopic orientation map similar
The inputs to the model consist of elongated Gaussians, ab that found in the visual cortex. The self-organized map will
activation values between 0 and 1. A fixed such input is prethen synchronize and desynchronize the firing of neurons to
sented on the retina at each iteration and the cortical neurongdicate binding and segmentation of visual features to dif-
are allowed to generate and exchange spikes. After several iferent objects present in the scene. The lateral connections
erations, the short-term spiking rate of the neurons in a smallhat survive connection death play an important role in this
window is calculated: process, by mediating synchronization and desynchronization

among populations of neurons.
V(t) = TavgV(t —

1) + (1 - Tavg)y(t)v (9)

_ _ _ _ . 3 Experiments
wherer,,, is the window size}/ (¢ — 1) is the previous av-
erage firing rate, angl(¢) is the output spike at time The A Stacked RF-SLISSOM network with46 x 46 retina and
afferent, lateral and intra-columnar weights are then modifiec® 136 x 136 cortex was trained for 40,000 iterations with
according to the normalized Hebbian learning rule: straight elongated Gaussian bars at random locations in the
retina. Such input approximates the local features of natural
and spontaneous internal visual stimuli after the edge detec-
tion and enhancement mechanisms in the retina and LGN.

W (t) _ Wij,mn (t - 1) + OéV;'j (t)an (t)
T [Wigmn (= 1) + aVig () Vinn (8)]

, (10)



Orientation Map (a) Neuron (18,22)53°

Figure 3: Orientation Preferences in MAP1 and MAP2 . The i
orientation preference at each location on the cortex is coded i
color, according to the color key on the right. The same organi
zation developed in both maps. The global and local features sug
as pinwheel centers and fractures in each map closely match tho
found in the visual cortex.

(b) Neuron (21,25)179° (c) Neuron (35,33)88°

During each training presentation, the network was allowedrigure 4: Excitatory Lateral Connections . The excitatory lat-

to settle for 15 time steps (through equation 7) and all con-eral connections from three source neurons in MAP2 (marked by
nections except the inhibitory lateral connections in MAP2&rrows in the orientation map) are shown. The hue represents the
were updated accordina to equation 10. The fixed inhibitionorientation preference of the target neuron, and the intensity repre-
. MAPg id b gl' ql bali h'l:;'t' imilar to oth sents the strength of the connection. The neurons are numbered in
in M. provides a baseline global Inhibition similar to OtNer cartesian coordinates, where the lower left corner is neuron (1,1)
cortical models (Eckhorn et al. 1988; von der Malsburg andand the upper right corner is neuron (54,54) The excitatory lat-
Buhmann 1992; Wang 1995, 1996, 2000). The details of theeral connections of neuron (18,22), with an orientation preference of

model and the simulation details are glven in the Append|x 53 degl’eest The eXCitatOry lateral connections of ne!,lron (21,25),
with an orientation preference of 179 degree$ The excitatory lat-

3.1 Orientation Map and Functional Connection eral connections of neuron (35,33), with an orientation preference of
' Statistics 88 degrees. The lateral connections link neurons with similar orien-

tation tuning (similar hue), and the target zones are aligned along the

A well-formed orientation map emerged in the training pro- orientation preference of the source neuron, as is the case in experi-

. . L L . mental observations (Bosking et al. 1997). Specific connections like
cess _(flgure 3_)- The map IS qualltatlvely S|.m|Iar to the ori- these are crucial for implementing perceptual grouping tasks such as
entation map in the primary visual cortex with features suchcontour integration.

as linear zones where orientation preference changes contin-

uously along one direction, pinwheel centers around which

a full 360 degrees of orientation preferences can be obecontour.

served, and fractures where orientation preference changes To quantify the grouping rules implemented by the lateral
abruptly (Blasdel 1992; Blasdel and Salama 1986). Becausexcitatory connections, their distributions in final MAP2 were
of the intra-columnar connections, similar activity patternsmeasured in detail (figure 5). Since these distributions are
formed on both maps during self-organization, and they de-obtained from the receptive fields of the neurons, they de-
veloped almost identical global organizations (figure 3). Af- scribe thfunctional connectivitpf the neurons in theetinal

ter training, lateral connections with weights less than 0.001(i.e. visual) spaceather than simple cortical wiring statis-
were killed, leaving a patchy connection profile (figute-). tics. The results confirm that (1) the lateral connections more
Like connectivity patterns found in the visual cortex (Bosk- often connect neurons with similar orientation tuning (fig-
ing et al. 1997; Fitzpatrick et al. 1994), the remaining lat- ure %), and (2) connections go to target neurons with re-
eral connections target those neurons that have a similar orzeptive fields aligned along the preferred orientation of the
entation preference as their source neuron, and they are disource neuron, with a small flank (figure)5In other words,
tributed mainly along the direction of the source neuron’s pre-neurons whose receptive fields fall on a smooth (co-circular)
ferred orientation. In other words, connections link areas withcontour are most likely to be connected with strong lateral
highly-correlated activity, such as those along a continuousexcitatory connections in MAP2.
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(c) Lateral Connections in the Model (d) Edge Co-Occurrence in Nature

Figure 5: Lateral Connection and Edge Co-Occurrence Statistics. The distributions of lateral connections in the model are compared

to the edge co-occurrence statistics in nature to see how well they match perceptual requiremértis. pjot summarizes the notation

used in figuré—d. For each pair of neurons connected with lateral excitatory connections, the afferent connection weights were scanned to
determine (1) the orientation preference of the neuron (shown as oriented bars) and (2) the location of the receptive field in retinal space (as
the center of gravity of the afferent weight matrix). From these values, the diregtiadlial distancé, and orientation preference difference

# between all pairs of neurons shown as the color of the bar were calculated. Notice that these values measure the spatial relationship
between the two neurons in the retinal (or visual) space, not in the cortical space, and therefore allow comparing connectivity with human
performance data (Geisler et al. 2001)) The number of connections as a function of orientation difference in the model (solid line) and
experimental data (dotted line) are shown. The number of excitatory lateral connections in MAP2 that exceeded a threshold value of 0.001
were counted, and normalized by the number of neurons. The corresponding measurements in tree shrew visual cortex were obtained by
staining methods (Bosking et al. 1997). This plot shows that strong excitatory lateral connections mostly link neurons with similar orientation
tuning. ) The distributions of, ¢, andd in MAP2. Each location in polar coordinatég, §) displays two values: (1) the black oriented

bars represent the most probable orientafiarfi the target receptive field at that direction and distafig®). These orientations are aligned

along co-circular paths emanating from the center. (2) The color scale in the background shows the relative log-probability of finding a target
receptive field at directiog and distancé. The locations with high relative probability (the red, yellow, and green areas) form a bow-tie
shaped flank along the horizontal axis. Such an arrangement is very similar to the association field (or local grouping functions) suggested by
psychophysical research (Field et al. 1993; Geisler et al. 1999, 2@)Th¢ Bayesian edge co-occurrence statistic, (Geisler et al. 2001, with
permission from the author). Each locatigh §) contains a small round disk, representing the likelihood ratios of all possible orientations

f at that location by color coding. Thewith the highest ratio is shown in the foreground. Each likelihood ratio represents the conditional
probability of a pair of edge elements in configuratiéndg, §) belonging to aame physical contows. different physical contourig natural

images. A high likelihood ratio indicates that a pair of edges in that configuration is more likely to occaoomzon natural contouhan

on separate contoursThe conditional probabilities were determined through manual labeling of contours in real world images. There is

a strong correspondence between this data and the connection statistics in the model, suggesting that the model is well-suited for encoding
grouping relations in natural images.



Interestingly, these connection statistics are very similar taground segments, or pairs between a background and a seg-
the edge co-occurrence statistics in natural images (Geislanent in the contour remained low, usually near 0 (not shown),
et al. 2001; figure &. Combined with transitive grouping thus they were not perceptually salient. Such a performance
rules, such edge co-occurrence statistics can accurately prprofile is closely predicted by the lateral connection statistics,
dict human contour integration performance (Geisler et al.as described in the previous section. This way, the perceptual
1999, 2001). Therefore, we expect the model to perform likephenomenon of contour integration can be grounded on the
humans as well. If this prediction is confirmed, it lends com-circuit-level description given by the model.
putational support to the idea that self-organized lateral con:

e : ) : . 3.3 Contour Segmentation
nectivity in V1 underlies contour integration performance in o ,
humans. Importantly, the synchronization process that establishes the

contour percept can also separate different contours to differ-

3.2 Contour Integration ent percepts. In this experiment, two collinear contours were
Psychological experiments by Field et al. (1993) and Geislepresented as input and the correlations between and across
et al. (1999, 2001) have shown that contour integration accuthe MUAs representing each input segment were calculated
racy is maximal when orientation jitter in the physical contour (figure 8). All simulation parameters were the same as in the
is 0°, and the accuracy decreases as a function of increasingrevious experiment. By comparing the rows in the plot, we
orientation jitter. The lateral connection statistics in the pre-can see that in the beginning (at stimulus onset) all areas are
vious section are consistent with such behavior, but does théynchronized, but as the lateral interactions start to take ef-
model actually perform that way? To answer this questionfect, the MUAs start to form two major groups firing in two
we ran several contour integration experiments with varyingalternating phases. The correlation coefficients of areas in
degrees of orientation jitter (figure 6). the same contour are consistently high (0.86) while those in

To measure the performance of the model, for each inpuglifferent contours are very low (-0.11), signifying integration
bar, the number of spikes generated by the area of the cortexithin each contour and segmentation across the two con-
that responded to the bar was counted at each time step. Thigurs. This result suggests that the same circuitry responsible
quantity is called the Multi-Unit Activity of the response, or for contour integration can also be responsible for contour
MUA, and it can be used to identify which area of the cortex Segmentation when there are multiple salient contours.
is active at gach time step. In order to dete(mine the degreg_4 Hemifield Differences in Structure and
of synchronization between two areas, the linear correlation Performance

coefficientr between their MUA sequences was calculated aﬁ?’erceptual performance has been shown to differ in differ-

follows: ent parts of the visual field. For example, contour integra-

Yoi(wi—z)(yi —y) tion has been found to be weaker in human peripheral vi-
- V@i —1)2/%, (i — Lk (11) sion (Hess and Dakin 1997), and convexity of illusory con-

' ' tours are harder to discriminate in the upper hemifield com-
wherezx; andy;, i = 1,..., N are the MUA values at timé  pared to the lower hemifield (Rubin et al. 1996). Could such
for the two areas representing the two different objects in thea difference be due to input driven self-organization? Our hy-
scene, and andy are the mean of each sequence. pothesis is that different parts of the visual field receive differ-

Using r as the measure, the contour integration perfor-ent input distributions, which results in different connectivity
mance of the network in the four different input configura- patterns, and therefore different perceptual performance.
tions (degrees of orientation jitter; figure 6) was calculated. This hypothesis can be tested computationally in the
The network was presented with each input for 600 iterationsnodel. An experiment was run where the inputs were pre-
and the MUAs from the activity areas on MAP2 correspond-sented more frequently in the lower hemifield than in the up-
ing to the nine input segments were obtained. The MUA seper hemifield, modeling the distribution of contours in the
guences are shown in figure 6. The correlation coefficientsatural world (Previc 1990). The network was trained oth-
for MUA pairs belonging to the same contour measure the deerwise the same way as in section 3.1, except when an input
gree of contour integration. The higher these values, the morappeared in the upper visual field, the pixels were turned off
synchronized are the areas, thus representing a strong percégfi% of the time. The upper visual hemifield was projected
of a salient contour. The average of the within-contour cor-to the upper half of the PGLISSOM network, and the lower
relations is used as a measure of overall performance of theisual hemifield to the lower half. After training the net-
model. The results are summarized in figure 7, plotted againstork for 40,000 iterations, orientation maps comparable to
the human performance data from Geisler et al. (1999, 2001)those in the previous self-organization experiments emerged.
The plot clearly shows that at low orientation jitter, the model However, the upper and lower half differed both in terms of
and human performance are both high, but as the jitter in-orientation selectivity and lateral connection statistics. More
creases, they both deteriorate in a similar manner. Correlatiofrequent presentations of sharp inputs resulted in sharper ori-
coefficients between MUA pairs corresponding to two back-entation tuning (i.e. higher orientation selectivity) and more
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Figure 6: Contour Integration with Varying Degrees of Orientation Jitter.  (a—d) The input presented to the network (left) and the
resulting multi-unit activity plot (right) are shown. Each contour element is an oriented Gaussian ofdenrgtB.5 and widthd® = 1.5

(appendix A.2). The activity levels of the retinal units are plotted in gray scale from white to black. Each contour was composed of three
contour elements, and embedded in a background of six other randomly-oriented elements. Each contour runs diagonally from lower left to
top right with varying degrees of orientation jitter. At right, the Multi-Unit Activities (MUAS) of the active areas are shown in gray scale.
Time (i.e. simulation iteration) is on the-axis and they-axis consists of nine rows, each plotting the MUAs corresponding to one input.

The bottom three rows represent the MUAs of the salient contour, and the top six rows represent MUAs of the random background contour
elements. Synchronization is very strong for 0 and 30 degrees but relatively weak for 50 and 70 degrees, that is, the contours get harder to
detect as the orientation jitter increases. In all caads (), the background MUAs are unsynchronized. A quantitative summary of these
results are shown in figure 7.

complex lateral connection patterns in the lower half of the Collinearity is the most prominent feature in the input, and
map. is therefore learned first. With enough input presentations, it
is extended to large distances. Co-circularity develops slower
To quantify the properties of the lateral connection pat-than collinearity because the activities are lower in the co-
terns, the(f, ¢, ) statistics was calculated as in section 3.1.circular arrangement. The lower half of the map had enough
The results are shown in figure 9. There are two major dif-input presentations and was able to learn the secondary (co-
ferences between the two areas: (1) the high probability areasircularity) property as well.
extend out longer for the lower half, i.e. the lower half can
group together more distant inputs than the upper half, and Such a difference in structure predicts that contour integra-
(2) the most probable for a given(¢, ¢) location tends to be  tion performance will also differ in the two areas. To test this
co-circular in the lower half, while in the upper half itis more prediction, four contour integration experiments were per-
collinear (i.e. the black edges are more parallel in the highformed with the trained network, with the same parameter
probability areas). Thus, curved contours are easier to detesetup as section 3.2. For each experiment, the network was
in the lower than in the upper half. activated for 600 iterations and the MUA sequences corre-
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Figure 7:Contour Integration in Humans vs. the Model. The model's performance was measured as the average correlation coefficient
between the MUA sequences in the salient contour, and that of humans as the percentage of correctly identified contours (Geisler et al. 1999,
2001; RMS amplitude 12.5, fractal exponent 1.5). Thaxis is the orientation jitter in degree®) ( In both cases, performance is robust up

to 30 degrees, but then quickly breaks down as the orientation jitter increases.

Figure 8: Contour Segmentation. The input for the contour segmentation experiment consisted of two contours, vertical and diagonal
(shown at left). The gray scales and the input sizes are identical to those in figure 6. The MUA sequences from the six areas of MAP2
responding to each input are shown at right. The bottom three rows correspond to the vertical contour and the top three rows to the diagonal
contour. The average correlation coefficients between pairs of MUA sequences is high (0.86) within the same contour and low (-0.11) across
different contours. Neurons within a contour are synchronized, while neurons belonging to different contours are desynchronized, segmenting

two contours.
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sponding to the three contour elements were measured. Thecross the different areas of the visual field can be due to
MUAs were more synchronized for the lower-hemifield in- differences in the input distribution, as learned by the lateral
puts than for the upper-hemifield inputs for both 0 and 40connections.

degrees of orientation jitter. The performance gap was more

pronounced in the 40-degree case than in the 0-degree case. 4 Discussion

Such a performance difference can be readily explainedur results show that the specific lateral connectivity neces-
based on the connection patterns. In both lower and upsary for contour integration can be due to input-driven self-
per half of the map, lateral connections can group collinearorganization. The same self-organization mechanism has pre-
contours, i.e. those with 0-degree jitter. However, the lowerviously been shown potentially responsible for orientation,
half is slightly better because its orientation representation®cular dominance, and frequency columns and patchy con-
is more focused, and because the lateral connections can synections between them, for repair after cortical and retinal
chronize across longer distances. With 40-degrees of orientalamage, and for tilt aftereffects (Miikkulainen et al. 1997),
tion jitter, each pair of contour elements lies on a co-circularproviding a unified explanation of several different phenom-
path. The lateral connections in the lower half can group co-ena in the visual cortex. The main new idea advanced in
circular contours better than connections in the upper halfthis paper is that long-range excitatory lateral connections
resulting in much better performance. This way, the modelcan also self-organize into highly specific patterns that serve
predicts that differences in contour integration performancea perceptual grouping function.
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Figure 9: Distributions of Excitatory Lateral Connections with High and Low Input Frequency. The upper visual field received half

of the inputs of the lower visual field, and the upper vs. lower halves of MAP2 developed different lateral connection distributions: (1) the
high probability areas (green, yellow, and red) extend longer)ith@n in ¢), and (2) the most probab#ig(black oriented bars) are co-circular

(a), but in () they are mostly collinear. These results predict that contours should be easier to detect in the lower visual hemifield than in the
upper hemifield.
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Figure 10: Contour Integration Performance in Lower vs. Upper Hemifield. For each input consisting of 3 contour elements, the
correlation coefficients were calculated between each pair of MUA sequences, and the average was used as the measure of performance, as il

figure 7. For both 0-degree and 40-degree orientation jitter, the lower hemifield had higher correlation than the upper hemifield with a more
pronounced difference in the 40-degree case, as predicted by the lateral connection distributions in figure 9.
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The connection patterns that emerge in the model closely \
approximate those found in neurophysiological experii’- -
ments (Bosking et al. 1997; Fitzpatrick et al. 1994), and are B
very similar to the local contour grouping statistics found in
natural images (Geisler et al. 1999, 2001). They also gen-

erally agree with connection patterns hypothesized in handE ri]gure N%L Simulta?et_ous AC“Va“fO” Oft_Netl_Jron(S- Tr?e Filzt
: ; . . ows 0 representative cases Of coactivaton (1.e. wnhen 0 heu-
coded computational models (Li 1998; Ross et al. 2000; Yerfons are activated simultaneously), when a long (dashed line) input

and Finkel 1997, 1998). We also demonstrated that synchrog presented across the two receptive fields. Gollinear arrange-
nized firing of neuronal populations can represent the percepient: the two receptive fields (thick bars) are precisely aligned. If
of contour very well, by comparing correlations to human a long input is presented along the same direction, the two neurons
contour integration accuracy with varying degrees of orien-Will respond maximally, and the connection between them becomes

PR ; . ; stronger. §) Co-circular arrangement: even though the two recep-
tation jitter (Field et al. 1993; Geisler et al. 1999, 2001). tive fields are slightly misaligned, they are still weakly activated and

The input patterns studied in this paper are decidedly simsheir connection is strengthened, although less so tha)in (
ple for two reasons: (1) this way it is possible to character-
ize and measure model behavior clearly, without confounding
factors, and (2) more complex patterns would require largeinput for patchy lateral connections to form during develop-
networks, which are computationally too expensive to simu-ment. The connections become diffuse, resulting in weaker
late at the moment. For example, the current self-organizatiomtegration. This way, the observed differences in contour in-
simulations required about 200MB of memory and took abouttegration performance can be explained as an effect of input-
20 hours on a 1.7 GHz Pentium. To represent more complexriven self-organization.
inputs, the number of rows and columns would have to be Statistics of images projected on the retina indeed support
scaled up by a factor of four, resulting in a simulation with the idea that input distributions may differ among different
over 40GB of memory and a training time of over 4800 hours.visual areas. Reinagel and Zador (1999) showed that human
However, there is a good reason to believe that the model wiljaze most often falls upon areas with high contrast and low
scale up well: it is based on regular patterns of connectivitypixel correlation. As a result, sharper images may project
that can be duplicated horizontally, resulting in a larger-scalemore often on the fovea than the periphery, allowing more
model with similar behavior. In a parallel line of research, specific connections to form. A similar method can be used
we have developed methods for such incremental scaling ofo find out if there is a difference in statistical distribution
self-organizing firing-rate models (Bednar et al. 2002); ap-of image features in the lower vs. upper hemisphere (as has
plying these methods to the contour integration task is a mospeen suggested e.g. by Previc 1990 based on the observation
interesting direction of future work. The temporal behav- that primates mostly manipulate objects in their lower hemi-
ior of the model should also scale up well. Campbell et al.field). Such statistical difference together with Hebbian self-
(1999) recently showed that time to synchronization in lo- organization would result in different contour integration ca-
cally connected integrate-and-fire neurons is logarithmicallypability in different visual areas. Another way of verifying
proportional to the network size. Since the dynamic thresholdhis hypothesis would be to rear an animal with eye glasses
neuron used in the current model is a@lent to integrate-  that flip the input to the upper and lower hemifield. After
and-fire neurons, we expect our model to show similar, manthe critical period, the animal’s performance on contour de-
ageable temporal scaling behavior as the network size is intection task could be measured, and the connectivity patterns
creased. In the near future, sufficient computational poweformed in the upper and lower hemifield compared to normal
might exist to train the model with natural images. Based oranimals. The prediction is that high connectivity and good
analogous results with firing-rate models (Bednar et al. 2002)integration would occur in the upper hemifield, instead of the
we expect the results with more complex images to be similatower hemifield as in normal animals.
to those of the current model. The fact that even simple patterns such as straight Gaus-

Whether contour integration in the model occurs or not de-sian bars shape the circuitry for contour integration is an in-
pends on whether the appropriate lateral connections exist deresting result. It supports a previous proposal by Bednar
not. Integration is possible only if focused (i.e. patchy) lat- and Miikkulainen (1998, 2000a) that simple internally gen-
eral connections link neurons with similar orientation pref- erated patterns in the developing nervous system may pre-
erences. Even though the integration and adaptation mechrain the cortex before birth, explaining why a certain degree
anisms might be the same throughout the cortex, if the in-of organization and functionality already exists in a newborn
put to the different areas differs during development, differentcortex. However, since the PGLISSOM model was trained
contour integration performance results. The model thereforavith straight Gaussian bars, one would expect only collinear
suggests why the performance in the fovea vs. periphery, androperties to emerge in the connection profile, instead of the
upper vs. lower hemifield might differ: If peripheral areas co-circular patterns actually observed (figure 5). Such an
and the upper visual field do not receive dense enough visualnexpected result follows from Hebbian learning on graded

(a) Collinear Activation (b) Co-Circular Activation
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responses (figure 11). Neurons co-activate even if their rereduced to 3, and inhibitory lateral connections had a fixed
ceptive fields are not perfectly aligned, allowing co-circular radius of 10. Initially, large areas have correlated activity so
connections to develop along with the collinear ones. Suctihat global order can be formed, and later on, the reduced
graded training in general matches the regularities in the vi{ateral excitatory connections help fine-tune the local order
sual environment, forming a robust starting point for learningin the map (Kohonen 1982, 1989, 1993; Sirosh and Miikku-
more refined regularities in the visual input. lainen 1997). In MAP2, excitatory lateral connections had a
As we have seen in this paper, connection statistics, featuredius of 40 and inhibitory connections 54. Afferent connec-
co-occurrence statistics, and performance are very closely raions to the retina had a radius of 6 in both maps, and intra-
lated. It may be possible to measure co-occurrence statissolumnar connections a radius of 2 in both maps. The retina
tics of visual features other than orientation as well, and sucltonsisted ofi6 x 46 receptors, except for section 3.4 where it
statistics can be used to derive hypotheses aboufulhe  was72 x 72 to have sufficiently large lower and upper hemi-
tional connectivity of visual cortical areas. Thus, perceptualfields for the experiments. As long as the relative sizes of
grouping rules employed by the brain can be systematicallthe map, the retina, and the lateral connection radii are sim-
investigated by examining the statistical structure in naturallar to these values, the maps self-organize well (see Bednar
scenes. et al. (2002) for precise equations that allow scaling maps to

. different sizes).
5 Conclusion )

This paper shows how the specific connection patterns theft-2 ~Self-Organization

may facilitate contour integration and segmentation in the vi-This section describes the simulation setup used in sec-
sual cortex can be due to the same general process of inputions 3.1 and 3.4. The input in the training experiment con-
driven self-organization as many other cortical structuressisted of straight oriented Gaussians:

The contour integration performance measured by the degree ) )

of synchronization in the model matches human performancefrly ((rs — z)cos(¢) — (ra — y)sin(9))

= cap(—

data very well, lending further support for the idea that seg- a?
mentation and binding could be due to synchronized firing _ ((r1 —@)sin(e) + (r2 — y)cos(qb))?) 12)
of neuronal groups. The model also suggests that differently b2 ’

distributed input presentations and the resulting lateral con- . . .- .

. . where¢,., ,, is the desired activity of the retinal neuron at lo-
nections may be the cause for the different degrees of Comoucration ¢ e ), a? andb? specify the length along the major
integration observed in the different visual areas. It should 1r2s P 9 g J

. and minor axes of the Gaussian, amdpecifies its orienta-
be possible to account for other low-level Gestalt phenomen : 9
N . S ion. These axis lengths weré = 15.0 andb? = 0.6 for the
with similar computational principles.

first 1,000 iterations, and they were increased to 45.0 and 0.45
Acknowledgments. thereafter. All weights were initialized with uniform random
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A Appendix: Simulation Setup for MAP1 anda, = 0.012, o = 0.008, &; = 0.0, and
This section describes the simulation setup in detail for ac® = 0.012, for MAP2. At 5,000 iterationse, anda in
curate replication of the results presented in this paper. ThEOth maps were decreased to 0.008 so that the global order

code and simulation configuration files can be found on then the map could start stabilizing. Initial base threshtld..

world-wide-web ahttp://www.cs.tamu.edu/faculty/choe for both maps was 0.05. At the beginning of each settling
iteration, thef.s was adjusted to 50% ahax; ;(0;,;(t))
A.1 Network so that the network would not become too active or totally

Although MAP1 consisted af36 x 136 neurons, MAP2 was silent. Later, the percentile was increased to 57.5% at 15,000
reduced tdh4 x 54 to save simulation time and memory. The iterations for MAP1, and 65% at 5,000 for MAP2. This
intra-columnar connections between MAP1 and MAP2 weremethod is analogous to the slope adaptation of sigmoid ac-
proportional to scale, so that the relative locations of corre-ivation function of Sirosh and Miikkulainen (1994). In fact,
sponding neurons in the two maps were the same. Howeveexperimental results have shown that the threshold dynami-
different parameter values were required for the two mapscally changes depending on the rate of membrane potential
corresponding to their different sizes. Excitatory lateral con-fluctuation (Azouz and Gray 2000).

nections in MAP1 had an initial radius of 7 and gradually The synaptic decay rates were different for different types
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of connections. Previous sum was decayed:by, where Bednar, J. A., and Miikkulainen, R. (2000a). Self-

A = 3.0,0.5,and1.0 for lateral excitatory, inhibitory, and organization of innate face preferences: Could genet-
intra-columnar connections for both maps. The decay rate in  ics be expressed through learning?. Firoceedings of
the spike generator’s inhibitory feedbatk, = 0.5 in both the 17th National Conference on Artificial Intelligence

maps. The relative contribution of the inhibitory feedback in 117-122. Cambridge, MA: MIT Press.
dynamic threshold calculation = 0.4 in both maps. The  Bednar, J. A., and Miikkulainen, R. (2000b). Tilt aftereffects
threshold and ceiling of the linear approximation of the sig-  in a self-organizing model of the primary visual cortex.
moid functiong(-) wered = 0.01 andg = 1.3 in both maps. Neural Computation12(7):1721-1740.

For the average spiking rate of neurons, a running averaggasdel, G. G. (1992). Orientation selectivity, preference, and
with the ratera,; = 0.92 was calculated. continuity in monkey striate cortexJournal of Neuro-

A.3 Contour Integration and Segmentation science12:3139-3161.

. . . ) ) Blasdel, G. G., and Salama, G. (1986). \oltage-sensitive dyes
_Th|3 septlon dgscrlbes the setup for contqur Integration exper- o041 a modular organization in monkey striate cortex.
iments in sections 3.2, 3.3, and 3.4. The input to the network Nature 321:579-585.

consisted of oriented Gaussians of length= 3.5 and width Bosking, W. H., Zhang, Y., Schofield, B., and Fitzpatrick, D.

b?> = 1.5 (equation 12). Examples are shown in figure 6. ] ; -
For the training, a long Gaussian was necessary, but for the (19.97)' Orlentatlo.n se!ectmty and the' arrangement of
horizontal connections in tree shrew striate corfimur-

contour integration experiments, they were short enough to fit : ]

into a single receptive field (afferent connection radius = 6). nal of NGUI’OSCIenCéL7(6).2112—21?7. )
The network configuration and parameters were the samBUrger, T., and Lang, E. W. (1999). An incremental Hebbian

as in appendix A.2 except for the following changes: the ex-  l€arning model of the primary visual cortex with lateral

citatory learning rate. in MAP2 was set to 0.1, so that lat- plasticity and real input pattern&eitschrift ir Natur-

eral connections could quickly adapt to assist the formation ~ forschung C—A Journal of Biosciencég:128-140.

of synchronized populations (von der Malsburg 1981; WangCampbell, S. R., Wang, D. L., and Jayaprakash, C. (1999).

1996). In addition;, in MAP2 was increased to 0.8. To help Synchrony and desynchrony in integrate-and-fire oscil-

desynchronization (segmentation) and model synaptic noise, lators.Neural Computation11:1595-1619.

MAP2 ~; was increased to 5.0 and 4% noise was added. Prechoe, Y. (2001).Perceptual Grouping in a Self-Organizing

viously, for self-organization, the absolute refractory period Map of Spiking Neurons PhD thesis, Department of

(kaps) Was set to 0. The firing rates of the neurons were Computer Sciences, The University of Texas at Austin,

high as a result and the simulation proceeded in a fast time-  Austin, TX. Technical Report Al01-292.

scale. For the contour integration experiments, a finer degreghoe, Y., and Miikkulainen, R. (1998). Self-organization and

of temporal resolution was necessary,x5@; was increased segmentation in a laterally connected orientation map of
to 4. spiking neuronsNeurocomputing21:139-157.
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