
Honda Research Institute Europe GmbH
https://www.honda-ri.de/

Hypothetical reasoning and brainware

Hiroshi Tsujino, Edgar Körner, Hiroshi Kondo

2000

Preprint:

This is an accepted article published in Applied Mathematics and Computation.
The final authenticated version is available online at: https://doi.org/[DOI not
available]

Powered by TCPDF (www.tcpdf.org)

http://www.tcpdf.org


Hypothetical reasoning and brainware

Hiroshi Tsujino a,*, Edgar Koerner b,1, Hiroshi Kondo a,2

a Fundamental Research Division, Wako Research Center, HONDA R&D Co., Ltd., 1-4-1, Chuo,

Wako-shi, Saitama 351-0193, Japan
b Future Technology Research Division, HONDA R&D Europe GmbH, Carl-Legien-Strasse 30,

63073 O�enbach/Main, Germany

Abstract

An enormous variety of complex problems requiring tentative interpretation of real-

world situations or conditions, such as the visual recognition of natural scenes, as the

basis for some action cannot be properly managed without the e�ective use of acquired

knowledge to reduce the complexity dramatically. There is much evidence that the brain

solves this type of problem by creating an internal hypothesis from its store of acquired

knowledge. It then reformulates the task as essentially one of simply comparing this

internally generated hypothesis with the objective sensory reality signaled to it by the

sensors (such as the eye). Despite a rich body of research on hypothetical reasoning in

the ®eld of AI, this method of generating and verifying a hypothesis bridging signal and

symbol levels has never been demonstrated. A neural control architecture that uses this

problem-solving methodology is proposed in this paper. Multilayer neural network

architecture, modeled after the essential features of the cortical structure and function, is

used to simulate hypothetical reasoning and in particular to demonstrate its role in the

marvelous performance of visual recognition. With this architecture it is possible not

only to control the logical reasoning steps to ensure a rapid convergence in the decision-

making processes but also to set the constraints for the self-organization of knowledge

required in creating the initial internal hypothesis. Ó 2000 Elsevier Science Inc. All

rights reserved.
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1. Introduction

In solving problems, such as visual pattern recognition, it is necessary to
consider a multi-dimensional computational theory with logically connected
internal information channels in the presence of noise. Much research on
simulated reasoning has been done in the ®eld of arti®cial intelligence ([1,2]),
however, achieving a practical functioning system for use in the real-world has
been an illusive goal.

In practice the brain often constructs a virtual reality as the hypothesis and
acts on the basis of that rather than directly on concrete objective sensory inputs.
To perceive the external world, build an internal model of it, and re®t this model
to sensory inputs are general characteristics of cortical processing or brainware.
Basically, any region of the neocortex has bi-directional capabilities [3]. The
control pathway can be used for hypothetical reasoning. There is also much
evidence that the brain creates hypotheses in the higher cortical area, which in
turn modulate hypotheses in the lower cortical area. Picton and Stuss have
suggested that the human brain may create an internal model for ®tting incoming
information about the external world [4]. Ramachandran and Cobb have
demonstrated that metacontrast, also known as visual illusion, can be strongly
modulated by top±down in¯uences [5]. Kosslyn et al. [6] have reported that the
primary visual cortex is activated when subjects close their eyes and visualize
objects. Logothetis et al. [7] have found that binocular rivalry involves the higher
cortical area in a category generally known as multistable phenomena.

The control structure of hypothetical reasoning is the most important part
of brainware not only for cognition but also for self-organization of knowledge
in the brain. There are some related studies, which cite bi-directional control as
an important element in brain processing ([8±12]). As yet, however, no one has
proposed a hypothetical-reasoning model that controls the virtual image as a
hypothesis in the way that a real brain does. We propose a novel hypothetical-
reasoning scheme based on the fundamental modular structure of the neo-
cortex, that of the columnar module. This module, in creating and evaluating
hypotheses, acts as an elementary processor of the brain.

2. Basic design

2.1. Macro scheme

A proper initial global hypothesis will facilitate the formation of a consistent
combination of local hypotheses. At the same time, the logical combination of
self-consistent local hypotheses becomes a means for the generation of new
knowledge. However, the problem of determining a suitable initial global
hypothesis still must be addressed.
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We hypothesize that the brain avoids this dilemma by coarsely inputting to
the highest cortical area via the amygdala. (The amygdala is the old subcortical
part of the limbic system concerned especially with emotion.) Koerner et al.
[13] have proposed that phylogenetic top±down development is controlled by
the amygdala, and that in the primate neocortex, this top±down control still
dominates and is a key for properly understanding sensory input (see Fig. 1).

2.2. Neocortical columnar architecture

Flattening the cortex in a planar projection, we obtain a columnar vertical
structure and a six-layer laminar horizontal structure. (Note that the basic
organization of the column does not depend on the information represented
there.) We have previously proposed [14] that this architecture of columnar
sub-units represents not only the structure of the knowledge stored there, but
also the control that forces the system to make particular representations.
Fig. 2 illustrates the correspondence of the proposed columnar sub-unit to the
general architecture of a neocortical column. An a�erent input is evaluated by
neurons, in layer 4 at R0 in Fig. 2, which trigger activation of supragranular
neurons at R1 of the same column. A subpopulation of pyramidal neurons in
the infragranular layers extends apical dendrites throughout the column to
layer 1. Furthermore, all the pyramids of layers 2 and 3 provide collateral input
to lower pyramids when passing their feed forward to R0 of the columns in the
next higher cortical area.

Fig. 3 illustrates a representation model of the column. The number of mini-
columnar modules (de®ned by neurons in layer 4) limits the possible number of
typical patterns encoded in the macro-column. The variation of the typical
patterns is self-organized by the input to this macro-column. Although the

Fig. 1. Macro scheme of hypothetical reasoning.
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quality of the representation in layer 4 is coarse because of the smaller number
and lower plasticity of the neurons in this layer, the input is described precisely
by compact coding of the supragranular neurons in layers 2 and 3. With this

Fig. 3. Columnar representation model.

Fig. 2. Columnar model.
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representation scheme, the brain processes the local hypotheses maintained in
the macro-column by the coarse representation in layer 4, stores the high
quality information with a small number of neurons in layers 2 and 3, and then
can transmit the result via a small number of channels.

Fig. 4 illustrates the ®ve types of interaction controls (lettered A through E)
between these elementary columnar modules. The columnar units are arranged
into functional clusters, i.e., macro-columns, which encode di�erent local
features on the same local channel of the input. The layers separated by hor-
izontal lines are the subsystems and each corresponds to a level of encoding.
The black and white arrows indicate, respectively, the excitatory and inhibitory
controls between modules. The status of each module is adjustable via the
controls shown in Fig. 4.

An active R0 inhibits the R0 of any other module in the same macro-column
(by means of control B), which suppresses alternative hypotheses, and supports
the R0 of any other module of the same class in next-neighbor macro-columns
(by means of control A). Only a module with an active R0 can generate a
hypothesis at R1 and submit this hypothesis to modules in higher level sub-
system (by means of control D). In practice the next step is to verify success-
fully the working hypothesis representation by means of the R2 in the same

Fig. 4. Columnar control model.
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module, and this can be con®rmed by the predictive feedback controls C from
modules in higher level subsystems. The R2 in a given module starts to inhibit
the R0 in the same module (by means of control E) and keeps itself active at a
lower level. Then, the R0 of another module may become active due to the
decreasing inhibition of control B from the R0 of the module previously
con®rmed. If the newly activated module is con®rmed more strongly than the
preceding one, the earlier con®rmed module now becomes inhibited by both
the R2 of the new con®rmed one (by means of control B) and the modules in
higher level subsystems (by means of the controls C).

Fig. 5. Columnar processing module in the simulation.
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3. Simulation

3.1. Segmentation by hypothetical control

We simulate face recognition in a complex background based on the above
architecture by using principal component analysis as the compact coding
method. The model system consists of V4, the posterior inferotemporal area
and the anterior inferotemporal area of the neocortex. Fig. 5 illustrates the
model columnar processing module in this simulation, where Cnew represents a
new input into the column, w represents a coarse typical pattern for each
column and the capital letters, A±E, denote the ®ve interaction controls de-
scribed at length in 2.2. Fig. 6 shows the cumulative results of a face recog-
nition task. We should note that the system generates a coarse global initial
hypothesis at time step 1 and successively re®nes the detailed boundary in-
formation in the following steps. This re®nement process is also visualized by
the converging locus of the face representation toward a ®nal response in
Fig. 7.

Fig. 6. Results of successive re®nements in face recognition.
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3.2. Representation in the column

Recapitulating the key points introduced in 2.2, we propose: (1) The col-
umnar structure in the cortical area is the result of mapping information
present in the previous cortical area. (2) The supragranular neurons of each
column represent the information as compactly as possible in a form suitable
for sending to the next cortical area.

By determining an algorithm for representing the information, we have
gained new insights into the function of the complex cells. Fig. 8 shows the
simulated result for the compact receptive ®eld of these cells at R1 in the model

Fig. 7. Convergent course of the internal representation.
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Fig. 8. The variety of the complex cells in V1.
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primary visual area. The receptive ®elds are developed by principal component
analysis of real-world images, which initiate the formation of typical patterns
at R0. Although the receptive ®elds of the complex cells have been conven-
tionally regarded as shift-invariant line-segment feature detectors, our results
suggest that each complex cell encodes only one component of the input and
that together the cells encode the input precisely proportional to their popu-
lation. This interpretation can account for the observed results in supragran-
ular layers of the primary visual cortex [15].

4. Conclusion

We have proposed model architecture for simulating hypothetical reasoning
in the cortex. It both elegantly illustrates the performance of a hypothesis-
based neural recognition system and also introduces a new approach for un-
derstanding the essence of brain computation.

A major di�erence between the brain and a computer is the architecture, and
a basic management control strategy of the brain (re¯ected in its structure) is to
reduce the complexity of decision-making problems, by identifying a few rel-
evant parameters as is seen in simulations. We ®nd this approach to modeling
memory-based hypothetical reasoning best describes the way the brain orga-
nizes and processes data. Although the detailed encoding and processing of
information in real brains remains a problem awaiting future experimental
veri®cation, the computational theory as outlined in this paper is an important
step in setting a direction for further experimental work by clearly identifying a
hypothesis which may be tested.

References

[1] D. Poole, A logical framework for default reasoning, Arti®cial Intelligence 36 (1988) 22±47.

[2] J. de Kleer, An assumption-based TMS, Arti®cial Intelligence 28 (1986) 127±162.

[3] D.N. Pandya, E.H. Yeterian, Architecture and connections of cortical association areas, in: A.

Peters, E.G. Jones (Eds.), I. Association Cortices. Cerebral Cortex. 4, Association and

Auditory Cortices, Plenum Press, New York, 1985, pp. 3±62.

[4] T.W. Picton, D.T. Stuss, Neurobiology of conscious experience, Current Opinion Neurobi-

ology 4 (1994) 256±265.

[5] V.S. Ramachandran, S. Cobb, Visual attention modulates metacontrast masking, Nature 373

(1995) 66±68.

[6] S.M. Kosslyn, W.L. Thompson, I.J. Kim, N.M. Alpert, Topographical representation of

mental images in primary visual cortex, Nature 378 (1995) 496±498.

[7] N.K. Logothetis, D.A. Leopold, D.L. Sheinberg, What is rivaling during binocular rivalry?,

Nature 380 (1996) 621±624.

[8] K. Fukushima, A neural network model for selective attention in visual pattern recognition,

Biological Cybernetics 55 (1986) 5±15.

228 H. Tsujino et al. / Appl. Math. Comput. 111 (2000) 219±229



[9] M. Kawato, H. Hayakawa, T. Inui, A forward-inverse optics model of reciprocal connections

between visual cortical areas, Network 4 (1993) 415±422.

[10] D. Mumford, On the computational architecture of the neocortex, II. The role of cortico±

cortical loop, Biological Cybernetics 66 (1992) 241±251.

[11] T. Poggio, V. Torre, C. Koch, Computational vision and regularization theory, Nature 317

(1985) 314±319.

[12] S. Ullman, Sequence seeking and counter streams: a computational model for bidirectional

information ¯ow in the visual cortex, Cerebral Cortex 5 (1995) 1±11.

[13] E. Koerner, U. Koerner, G. Mastumoto, Top±down self-organization of semantic constraints

for knowledge representation in autonomous systems: a model on the role of an emotional

system in brains, Bulletin of the Electrotechnical Laboratory 60 (1996) 405±409.

[14] E. Koerner, H. Tsujino, T. Masutani, A cortical-type modular neural network for hypothetical

reasoning, Neural Networks 10 (5) (1997) 791±814.

[15] K.P. Purpura, J.D. Victor, E. Katz, Striate cortex extracts higher-order spatial correlations

from visual textures, Proceedings of the National Academy of Sciences of the United States of

America 91 (18) (1994) 8482±8486.

H. Tsujino et al. / Appl. Math. Comput. 111 (2000) 219±229 229


