A Biologically Motivated Classifier that Preserves Implicit
Relationship Information in Layered Networks

Charles C. Peck

James Kozl oski

Guillermo A. Cecchi

A. Ravishankar Rao
IBM T.J. Watson Research Center, PO. Box 218, Yorktown Heights, NY 10598

Abstract

A fundamental problem with layered neural networks
is the loss of information about the relationships among
features in the input space and relationships inferred by
higher order classifiers. Information about these rela-
tionshipsis required to solve problems such as discrimi-
nation of simultaneously presented objects and discrimi-
nation of feature components. We propose abiologically
motivated model for a classifier that preservesthisinfor-
mation. When composed into classification networks,
we show that the classifier propagates and aggregates in-
formation about feature relationships. We discuss how
the model should be capable of segregating this infor-
mation for the purpose of object discrimination and ag-
gregating multiple feature components for the purpose
of feature component discrimination.

1 Introduction

Classical Artificial Neural Networks (ANNS) are typ-
icaly arrayed in layers, with each layer sending its re-
sponses to higher layers. This arrangement permits
each successive layer to respond to increasingly complex
combinations of features or attributes in the input space.

These layered networks, however, have fundamen-
tal limitations. Consider an array of ANN’s that have
been trained with visual inputs to realize an orientation-
selective, topographically organized map, asin thevisual
cortex [4]. Each ANN effectively encodes two pieces of
information: edge location and edge orientation. These
two pieces of information are implicitly related to each
other by their shared classifier response. Now consider
four additional ANN classifiers that respond to: 1) a
vertical edge at any location, 2) horizontal edge at any
location, 3) an edge of any orientation in the top half
of the image, and 4) an edge of any orientation in the
bottom half of the image. Finaly, assume that a final
ANN classifier exists that responds when a horizontal
edge is present in the top half of the image based on the
responses of the four classifiers.

If edges can only be horizontal or vertical, this exam-
ple network will respond properly in each of the four

cases where asingle edge is present in the image. When
two edges are present, however, an erroneous response
can occur. In particular, when a vertical edge is present
in the top of the image and a horizontal edge is present
in the bottom, both attributes will be simultaneously
present and the response will be ambiguous. This is
Rosenblatt’s “ superposition catastrophe” [5].

The root of the superposition catastrophe is that the
implicit relationship between an edge’s orientation and
location is lost when these two attributes are indepen-
dently classified by the set of four classifiers. Since this
lost information is not propagated forward through the
network, an ambiguity regarding the sources of attributes
can exist at the output.

A related problem is the ” component discrimination”
problem. This problem involves generating an output
response specific to an initial classifier when that clas-
sifier contributes to a second classifier giving rise to the
final output response. For example, let us modify the
previous network such that the horizontal and vertical
edge classifiers instead recognize squares and triangles
in the image. Let us also modify the output objective
such that it is to respond only when a particular edge is
active and the edge contributed to the recognition of a
sguare. In this case, implicit information isalso lost: the
relationship between the edge and the other edges giv-
ing riseto the square. Thisinformation is subsumed into
the“square” classifier. To respond properly, the relation-
ship between the output response and the square classi-
fier must be propagated back to each contributing edge
and then forward to the output response. In this manner,
the relationship between the edge and the sguare classi-
fier can be tested by the output response.

2 Solution Requirements

Both the superposition catastrophe and the component
discrimination problems result from the loss of informa-
tion about the relationships among features in the input
space or the relationships inferred by higher order clas-
sifiers. To solve these problems, therefore, this informa-
tion must be preserved and made available for classifica-



tion tasks throughout the network.

One approach for preserving this relationship infor-
mation isto represent it explicitly as arelationship value
and couple it with the classifier responses. To solve the
superposition catastrophe and component discrimination
problems with these values, the following requirements
must be met: 1) Uniqueness: relationship values must be
sufficiently distinct to avoid erroneous relationship in-
terpretations, 2) Propagation: relationship values must
propagate forward and backward, 3) Aggregation: clas-
sifiers must take the disparate, but sufficiently similar re-
lationship values of its feedforward and feedback inputs
and produce a unified relationship value; and 4) Selectiv-
ity: relationship values must be used to modulate classi-
fier responses to inputs.

3 A Biologically Motivated Solution

Since the 1989 discovery that neural synchronization
correlates with global visual input properties [3], neural
oscillation and synchronization have been viewed as a
possible means for conveying this implicit relationship
information. While both Choe [2] and Seth [6] have
modelled neural synchronization, neither effort satisfies
the objectives of this paper or operates at the desired
level of abstraction. Choe's work uses a spiking model
and it operates at a lower level of abstraction. Seth’'s
work does not use self-organizing classifiers and may not
provide a sufficient basis for classifier learning.

Here, we propose a classifier model that operates on
the neocortical minicolumn level of abstraction and uses
minicolumn synchronization as the means to manage
relationship information. At this level of abstraction,
hundreds of neurons are modelled as a single compu-
tational system or unit. Furthermore, communication
between minicolumns is modelled as an aggregation of
the hundreds or thousands of axons that connect them.
Thalamo-cortical inputs are modelled as a firing rate,
p. Cortico-cortical inputs are modelled as pulses up to
12.5mswide and arerepresented asatuple (, T'), where
~ and T' are a pulse's amplitude and reference time, re-
spectively. While not shown here, this model is based on
an analysis of the cortical microcircuit. The model ex-
plains observations of neural oscillations as the “chop-
ping” of minicolumn inputs. The unique time required
for a minicolumn stimulus to propagate through a spe-
cific minicolumn, j, and “chop” subsequent inputs de-
termines the natural period, 7; of that minicolumn.

In this model, the classification response, ;, of mini-
column j is a weighted sum modulated by the coinci-
dence of each input pulse with the pulse cycle of the
minicolumn. This coincidence-based modulation ad-

dresses the selectivity requirement.
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where T; is the reference time of the current pulse of
minicolumn j, FF; is the set of feedforward cortical in-
puts to minicolumn j, ~; and T; are the parameters of
the current pulse for minicolumn 4, w;; is the weight
from minicolumn 7 to j, TH; is the set of thalamic in-
puts to minicolumn j, p; is the current firing rate of
thalamic relay cell k, wy; is the weight from thalamic
relay cell k£ to minicolumn j, and ¢; isthe standard de-
viation of the Gaussian. The final amplitude response of
\/ﬁ, 0), where
o(z,a,B) = —He,;(,,w , the sigmoid function.

Computationally, the aggregation requirement is ad-
dressed with synchronization, and synchronization is
achieved by adjusting each minicolumn’sreferencetime,
T, relative to the reference time's of other minicolumns
using a convex mapping (a modulated weighted sum of
reference time differences). The next reference time, T]’ ,
for aminicolumn’s pulse is computed as follows:

minicolumn j is: v; = o (wj,
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where FB; is the set of feedback cortical inputs to mini-
column j and ¢, is aconstant corresponding to the max-
imum contribution from inputs affecting the timing. The
use of feedforward and feedback inputs for timing ad-
justment addresses the propagation requirement. Finally,
the uniqueness requirement is addressed by using the
natural period, 7;, as a bias that competes with the pull
toward synchronized reference times.

This model provides a basis for learning, but it is
independent of the particular method for updating the
thalamo-cortical and cortico-cortical weights.

4 Results

Our experimental plan was designed to determine how
well the propagation and aggregation requirements are
met while simultaneously supporting classification and
self-organized learning. We will not explore the unique-
ness and selectivity requirements in this paper because
those requirements require multiple inputs and an en-
tirely different experimental set up.

The experimental network we used is shown in Fig-
ure 1. This network consists of three hypercolumn-like
arrays of minicolumns arranged in a hierarchy. At the
lowest hierarchical level, two 10x10 networks, denoted



M1L and M1R, each receive feedforward inputs from 2
real values (x, y) in the range [0,1]. At the highest hier-
archical level, one 10x10 network, denoted M2, receives
inputsfrom the M 1L and M 1R networks. Each M2 mini-
column receives feedforward inputs from every M1L
and M1R minicolumn and each M1L and M1R minicol-
umn also receives feedback connections from every M2
minicolumn. This connectivity mimics slowly varying
projections between hypercolumns. Within each array,
every minicolumn makes a center-excitatory/surround-
inhibitory pattern of connections with its neighbors.

Our first experiment was to determine whether we
could achieve self-organization, both with and without
pulsatile inputs. The M1L and M1R results, shown in
Figure 1, demonstrate that we were successful in achiev-
ing self-organization without pulsatile inputs. Each
minicolumn is shaded to indicate the angular location
of inputs to which it responds best. The shading key
in shown in the bottom of the figure. Similarly, the M2
results demonstrate self-organization based on high di-
mensionality pulsatile inputs.

Our second set of experiments explored the propaga-
tion and synchronization-based aggregation capabilities
of our model. The experimentswere executed for 30,288
iterations and each stimulus was presented for 24 itera-
tions. Figures 2A-D illustrates activation and synchro-
nization that occurs when the network is presented with
a stimulus after self-organization has begun, but not yet
completed (completed self-organization is shown in Fig-
urel). At thisstage, we observed that half of the network
became sensitive to half of the input space in al three
networks. Categories were further subdivided at later
stages. Note that synchronization and self-organization
are learned concomitantly. Figure 2A shows the classi-
fication response of each minicolumn in the three net-
works. Minicolumns in the bottom half of M1L and
M1R are strongly activated by the input, as they are in
the right half of M2. The remaining minicolumns are
weakly activated.

Figure 2B shows the inter-pul se period for each mini-
column in the three networks. The strongly activated
minicolumns, rendered from light gray to white in Fig-
ure 2A, share very similar periods. Even minicolumns
receiving large numbers of weak inputs, such as the left
half of M2, converge to a shared period. Due to the
averaging effects in Equation 2, all shared periods de-
rived from large numbers of inputs have similar values.
Weakly activated minicolumns in M1L and M1R have
diverse periods derived primarily from their unique nat-
ural periods. They do not achieve a shared period due
to weak feedback from the left half of M2. This diver-
sity also shows the basis for satisfying the uniqueness
reguirement in our model.
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Fig. 1. Experimenta Setup. Input space (bottom) and two lev-
els of minicolumn classifiers' (middle, top) preferred-
stimulus maps demonstrating self-organization.

The period aone is insufficient to demonstrate syn-
chronization. Figure 2C depicts the pairwise coinci-
dence of pulse reference times. The shades of the
lines between two minicolumn conveys the percentage
of times their pulse reference times varied by less than
4% during astimulus. The results demonstrate that mini-
columnswithin strongly activated areas were highly syn-
chronized with each other. In addition, minicolumnsin
weakly activated areas of M2 were synchronized with
each other, but out of phase with the strongly activated
M2 minicolumns.

While Figure 2C showsintra-network synchrony, Fig-
ure 2D similarly shows inter-network synchrony. In this
visualization, the networks are arranged in two planes
and all pairs of minicolumns in the network analyzed.
The shaded connections show that minicolumns in the
strongly activated areas of M1L, M1R, and M2 are
synchronized within and between their networks. Fi-
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Fig. 2. Results. A. Minicolumn classification response.
B. Minicolumn inter-pulse interval in response to a
stimulus; C. Minicolumn synchronization within self-
organized networks; D. Minicolumn synchronization
within and between self-organized networks, dark gray
isweak, white is strong.

nally, minicolumns in the weakly activated area of M2
are strongly synchronized with each other and weakly
synchronized with some minicolumns in the weakly
activated areas of M1L and M1R. This demonstrates
that weakly responding minicolumns do not aggregate,
which isimportant for achieving uniqueness.

5 Conclusions

Our results demonstrate that we have solved two
key requirements for relationship information preserva-
tion: propagation and aggregation of relationship val-
ues across a classification network. However, the re-
quirements of selectivity and unigueness were not fully
demonstrated because multiple inputs were not simulta-
neously presented.

While the forced interdependence between classifica
tion and synchronization is not exploited for selectivity
and unigqueness in these experiments, the achievement
of learning with dynamic inputs is noteworthy and non-
trivial. Purely static learning rules are not easily adapted
to dynamic inputs [7]. We have solved this problem by
learning over those inputs which arrive within atimein-
terval corresponding to a particular phase of an internal
oscillation, and by explicitly controlling the relationship
between timing and amplitude. We have achieved self-
organization, with classification contingent upon syn-
chronization, using both a correlation-based learning ap-
proach (Figure 1) and learning rules derived from Koho-
nen map algorithms [1] (results not shown).

The model also allows for the classification of afea
ture during asingle presentation to become progressively
more dependent on only those inputs that are related to
the emerging classification. Such a mechanism could
allow for more robust classification in the presence of
noise, as the mechanism dynamically ignores inputs that
do not contribute to the classification. The mechanism
should also allow for segregation of nearby features that
are derived from different objects, because it allows for
classification of a feature to become progressively less
a function of those inputs that become more strongly
synchronized with other emerging classifications. This
selectivity is arequirement for solving Rosenblatt’s “ su-
perposition catastrophe.” By propagating relationship in-
formation inferred by classification, this model estab-
lishes a basis for grouping features with objects and ob-
ject discrimination. Experiments using simultaneously
presented objects to test the full range of capabilities of
our model are ongoing.
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