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Figure 1:The Stacked RF-LISSOM Architecture. (a) The model neuron. Leaky integrators at each synapse perform decayed summation

of incoming spikes, and the outgoing spikes establish a dynamic spiking thredhditie(overall organization of the Stacked RF-SLISSOM
network. The cortical network consists of two sub-maps: MAP1 has short-range excitation and long-range inhibition, and drives the self-
organization of the cortex. In MAP2, both excitation and inhibition are long range, establishing segmentation and binding. The two maps are
connected with intra-columnar connections so that both the self-organization and segmentation dynamics are established in both maps.

drives segmentation. The model does not include any long- The Network Architecture

range excitatory connections because they were not found The details of the neuron model are shown in figureBach
necessary to model the above behaviors. connection is a leaky integrator that performs exponentially
decayed summation of incoming spikes, thereby establish-
However, it turns out that such a parsimonious model can- ing not only spatial summation, but also temporal summa-
not account for filling-in phenomena such as contour inte- tion of activity. The spike generator compares the net in-
gration. The network has to be able to bind together repre- put to a threshold and decides whether to fire a spike. The
sentations that are separated by gaps: that is, it has to havethreshold is a sum of two factors: the base threskcdhd
long-range excitatory connections that link together the rep- an exponentially decayed sum of past spikes, formed by a
resentations of the different segments of a fragmented con- Similar leaky integrator as in the input synapses (Eckledrn

tour.

The RF-SLISSOM model is extended in this paper with
such long-range excitatory connections (figure 1). For con-
ceptual clarity, the cortical network is divided into two sep-
arate components: (1) MAP1, which is similar to the RF-
SLISSOM cortex with short-range excitatory and long-range
inhibitory connections. This map has the task of driving the
self-organization of the network into an ordered map. (2)
MAP2, which has the task of establishing long-range seg-
mentation and binding, with long-range excitatory connec-
tions that allow contour integration, and long-range inhibito-
ry connections that allow segmentation of separate objects.

al., 1990; Reitboeck, Stoecker, & Hahn, 1993).

The overall organization of the Stacked RF-SLISSOM
model is shown in figuretl The net input; ; to the spike
generator of the cortical neuron (in each map) at location
(i, 7) at timet consists of the input from a fixed-size recep-
tive field in the retina, centered at the location corresponding
to the neuron’s location in the cortical network, from neu-
rons around the same location in the other map, and from
neurons around it in the same map:

i (1) =Ya Y Ervmablijrrrs T Ve Y, CprpaViipips

1,72 P1,p2
+Ye > Mt =D Eijw — % Y mw(t — Dlijr, (1)
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The two maps are assumed to be overlaid in one cortical where~v,,v., 7., and-~; are the relative strengths of the af-
network. In other words, the model predicts that some of the ferent, intra-columnar, excitatory, and inhibitory contribu-
neurons in each hypercolumn are involved in establishing tions,¢,, ., is the decayed sum of spikes of the retinal neu-
and maintaining organization, whereas others performvisual ron (r1,72), pij,-r. IS the corresponding afferent connec-
segmentation and binding. The details of the architecture, tion weight,(,, ,, is the decayed sum of spikes of the cor-
referred to as Stacked RF-LISSOM, are described next. tical neuron f, p») of the other cortical mapy;; ,, p, is the
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Figure 2:The self-organized orientation map and patchy lateral connections.(a) The orientation preferences of the neurons in MAP1

are shown; both maps (MAP1 and MAP2) developed similar organizations. The gray scale-blahke — black represents preferences

from 0 to 180 degrees as also indicated by the oriented line segments. The map has organized into orientation columns similar to those found
in the visual cortex. ) The strength of excitatory lateral connections of neuron at (41,29) of MAP2 is (i.e., at the location indicated by the
arrow in (@)) plotted in gray scale (white> black represents weak strong connection weight). This neuron is sensitive to 140 degree
orientation, and its lateral connections link it to other neurons with the same orientation preference along the 140 degree direction across the
map.

corresponding intra-columnar connection weigft(t — 1) rons to indicate binding and segmentation of visual input to
is the decayed sum of spikes from the map neukgn) (at different objects.

timet — 1, and E;; ; is the corresponding excitatory and

I; w1 the inhibitory lateral connection weight. Experiments and Results

The input is kept constant while the cortical response set- a Siacked RF-SLISSOM network with4al x 44 retina and
tles through the lateral connections, forming a concentrat- 579 » 72 cortex was trained for 30,000 iterations with elon-
ed, redundancy-reduced activation pattern. The retinal neu- yated Gaussian bars at random locations in the retina (such
rons are spiking constantly at each iteration and the cortical jnpyt approximates the local features of natural visual stim-
neurons are allowed to exchange spikes. After a while, the j; after the edge detection and enhancement mechanisms in
neurons reach a stable rate of firing, and this rate is used 10 {ne retina). Excitatory lateral connections in MAP1 had an
modify the weights. The afferent, lateral and intra-columnar jnjtia| radius of 3 and gradually reduced to 1, and inhibitory

weights are modified according to the Hebbian principle: |ateral connections had a fixed radius of 7. In MAP2, both
Wijmn(t — 1) + aVij Xomn types of lateral connections had a radius of 19. Afferent
Wijmn(t) = (2) connections to the retina had a radius of 7 in both maps, and

2 [Wigmn (£ = 1) + Vi Xonn] intra-columnar connections a radius of 1. During each train-
wherew;;,mn (t) is the connection weight between neurons ing presentation, the network was allowed to settle for 13

(,7) and(m,n), wijmn(t — 1) is the previous weighty time steps (through equation 1) and all connections except
is the learning ratea(, for afferent,a, for intra-columnar, the inhibitory lateral connections were updated according to
a. for excitatory, andy; for inhibitory connections)y;; and equation 2. The fixed inhibition provides a baseline global

Xn are the average spiking rates of the neurons. Those inhibition similar to other cortical models (Eckhost al,
connections that become less than 0.001 in this process arel988; von der Malsburg & Buhmann, 1992), used because
killed, modeling death of unused connections. it is simple and sufficient to establish segmentation. The
This process of weight adaptation is repeated for a num- simulations are not particularly sensitive to these parameter
ber of input patterns (e.g. oriented Gaussians), and the neu-values as long as they are qualitatively similar.
rons become gradually sensitive to particular orientationsat A well-formed orientation map emerged in this process
particular locations, and the map forms a global retinotopic (figure Z1). Because of the intra-columnar connections,
orientation map similar to that in the visual cortex (Blasdel, similar activity patterns formed on both maps during self-
1992; Blasdel & Salama, 1986). The self-organized map organization, and they developed almost identical organiza-
will then synchronize and desynchronize the firing of neu- tions (only MAP1 is shown in figure 2). The lateral con-
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Figure 3: Contour integration with Stacked RF-SLISSOM. (a) A smooth input contour. bj A randomly oriented contour.d(e) The

MUAs of the areas responding to each line segment)ia(d ¢). Time is on thec-axis and the three rows from top to bottom represent MUA

of area 1, area 2 and area 3 by gray-scale codigigA comparison of the correlation coefficients between the MUAs. In each experiment
(smooth vs. random contours), the MUAs from three areas in MAP2 were gathered over 600 iterations and the correlations between the
MUAs were calculated. The-axis is the index for MUA pairs. For exampl, 1, ... represents MUA pairél, 2), (1, 3), .... They-axis is

the correlation coefficient as calculated by equation 3. When the contour elements are smooth, the MUAs are highly correlated, but the
correlation is very low when the contour elements are randomly oriented relative to each other. This indicates that the network binds smooth
contours together through synchronized firing of neurons but perceives random contours as multiple objects. This result is consistent with
experimental data and can be explained by the existence of patchy excitatory lateral connections developed through self-organization.

nections with weights less than 0.001 were killed in the end, ranged in two different configurations, i.e. smooth and ran-
thus leaving a patchy connection profile (figurg.20nly dom contours (figure@b), were presented to the network.
those connections that link areas with highly-correlated ac- For each input bar, the number of spikes generated by the
tivity, such as those along a continuous contour, remain in area of the cortex that responded to the bar was counted
the end. at each time step (figured®). This quantity is called the
The patchy lateral connections therefore form the founda- Multi-Unit Activity of the response, or MUA, and it can be
tion for feature binding and contour integration in the model. USed to identify which area of the cortex is the most active
The network should be able to bind together separated line &t €ach time step. o
segments if they are collinear and therefore likely to be part  IN order to measure synchronization between two ar-
of the same contour. If their directions do not agree, they €2S; linear correlation coefficientbetween their MUA se-
should not be bound together because they are likely to be- uénces can be calculated as follows:
long to different objects. (@i — ) (yi — 7)

To test this hypothesis, three elongated Gaussian bars ar- "= VE @i — )2/, (i — 0)?

®3)



wherez; andy;, i = 1,..., N are the MUA values at time tasks such as subjective contour detection and occluded ob-
1 for the two areas representing the two different objects in ject recognition. The excitatory lateral connections should
the scene, and andy are the mean of each sequence. be able to mediate these phenomena as well. Moreover, ori-
Using this measure, the contour integration capability of entation maps for subjective contours are known to exist in
the network was tested. The degree of synchrony in the two V2 (Shethet al,, 1996); the Stacked RF-SLISSOM could be
different cases was compared: in the first case, the segmentsextended to model V2 as well, thereby extending our un-
lined up to form a smooth contour, and in the second, their derstanding of the visual self-organization and function at

orientation was random (figure 3).

During self-organization, patchy lateral connections
formed between neurons that represent collinear line seg-
ments (figure 2). In the first case these connections synchro-
nize the responses of the three areas. No such connection
exist for line segments that are not collinear, and the MUAs

remain desynchronized in the second case. This way the net-

work perceives the collinear segments as one object, but the
random line segments as three separate objects.

Although the example in figure 3 shows only three bars,
the effect is robust. The network may integrate long chain-
s of near-collinear line segments this way, whereas a per-
pendicular segment in the middle will break the integra-
tion. This way the network suggests a possible mechanism

for contour integration, and demonstrates how the necessary

connections emerge automatically as a side effect of Heb-
bian self-organization of lateral connections.

Discussion
Whether contour integration occurs or not in the model de-

pends on whether the cortical areas are connected with exci-
tatory lateral connections or not. The model therefore sug-
gests an explanation for the different contour integration ca-
pability of the different visual areas: integration is possible
only if focused (i.e. patchy) lateral connections exist link-
ing collinear neurons with similar orientation preferences.
If peripheral areas and the upper visual field do not receive
dense enough visual input for such connections to form dur-
ing development, the connections become diffuse, resulting
in weaker integration.

Statistics of images projected on the retina indeed support
this hypothesis. Reinagel & Zador (1999) showed that hu-
man gaze most often falls upon areas with high contrast and
low pixel correlation than other areas. As a result, sharp im-
ages project more often on the fovea than the periphery, al-
lowing more specific connections to form. A similar method
can be used to find out if there’s a difference in statistical
distribution of image features in the lower vs. upper hemi-
sphere. Such statistical difference together with Hebbian
self-organization would result in different contour integra-
tion capability in different visual areas.

Another way of verifying this hypothesis would be to rear
an animal with eye glasses that flip the input to the upper
and lower hemifield. After the critical period, the animal’s
performance on contour detection task could be measured,
and the connectivity patterns formed in the upper and lower
hemifield analyzed. The prediction is that high connectivity
and good integration would occur in the upper hemifield,
instead of the lower hemifield as in normal animals.

The Stacked RF-SLISSOM network can be tested further
in more advanced contour integration and gestalt perception

higher levels.

Conclusion

énput-driven self-organization of afferent, intra-columnar,

and lateral connections was shown to give rise to patchy
connectivity patterns that can facilitate contour integration
in the visual cortex. The model also suggests that different
statistics of input presentations, and the resulting patchy lat-
eral connection patterns, may be the cause for the different
degrees of contour integration observed in the different visu-
al areas. It should be possible to account for other low-level
gestalt phenomena and also subjective contour effects with

similar computational principles.
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