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Abstract Progress in understanding the way the brain pro- 
cesses information while it is constantly interacting with the 
sensory environment is hampered by inadequate models 
and theories. Current models and theories of brain comput- 
ing are, obviously, still not completely correct when con- 
fronted with so-called real-world problems. Sensory 
recognition and the subsequent selection and optimization 
of a proper behavior are basically constraint satisfaction 
problems. Both conventional AI  and current formal neural 
network systems operate with set constraints: the architec- 
ture and parameters are defined a priori, and then the input 
data are structured according to these set constraints on the 
learning process. However, as long as the constraints are set 
from outside the system (by the programmer, designer), the 
system has no ability for self-organization. There is the 
ability for adaptation within these a priori defined limits, 
but not the ability to include new knowledge into the consis- 
tent relational framework of existing knowledge beyond the 
prespecified constraints. Therefore, self-organization of 
constraints in complex systems is the key problem for get- 
ting self-organization of knowledge representation under 
real-world conditions. We show that a value system and 
self-referential control in a modular architecture are crucial 
prerequisites for both robust recognition of sensory input 
and the ability to integrate new knowledge into the already 
acquired knowledge representation. Finally, we outline a 
philosophy and propose a model approach that is a first step 
toward implementing those capabilities in artificial neural 
systems. 
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Need for a novel approach to brain-like computing 

Neural architectures represent algorithms that 
organize computation 

In recent years, neuroscience has made big leaps forward in 
both investigation methodology and insights into local 
mechanisms of processing sensory information in the brain. 
However, we still do not really know what happens in the 
brain when one recognizes a familiar person, or moves 
around navigating seemingly effortlessly through a busy 
street. Because of the great complexity of biological sys- 
tems, extended chains of mathematical reasoning have less 
importance in biology than in mathematics, physics, and 
engineering- unless corroborated at every pertinent step by 
empirical data. However, many current artificial neural net- 
work models and brain dynamics theories seem more moti- 
vated by mathematics and simulation technology than by a 
genuine interest in understanding brain function. "Neurally 
inspired" formal neural networks and connectionist seman- 
tic models avoid a direct relation between their elementary 
processing nodes and real neurons in terms of what they 
actually represent, and how they may be embedded in a 
purposive architecture to allow the flexibility of processing 
we want our artificial systems to have, but such questions 
have to be tackled if we are to develop a realistic theory of 
the brain. Nonphysiological models may provide interesting 
metaphors to explain isolated phenomena, but are unlikely 
to make a major impact. 

Fitting current formal neural networks to represent cer- 
tain aspects of the architecture and function of neural struc- 
tures is surely not the way to understand the brain. Formal 
neural networks are graphical notations of known approxi- 
mation algorithms, developed in the context of the von 
Neumann computer metaphor. That the brain probably 



does the job in rather a different way is strongly suggested 
by our failure to get anywhere near to the performance of 
our brain in doing things that are very easy in everyday life, 
but hopelessly tricky for the way we are accustomed to 
organize computation in current computer technology. 

Computer programs are axiomatic systems, since all sub- 
sequent procedures and world models will be derived from 
the set of abstractions (symbolic categories, rules of combi- 
nation) produced by the designer. The computer does not 
have the background to update or modify the evaluations 
that led to these abstractions, since this knowledge resides 
in the brain of the designer. These abstractions are the 
"result of thought, but not the basis of thought". 1 Assuming 
that neurobiological processes have no other properties 
than those that current computing already replicates (e.g., 
assembling, matching, and storing of signal or symbol con- 
structs) limits any models of brain computing to what cur- 
rent computers can do, and consequently prohibits insights 
into how the brain can avoid the inflexibility of rule-bound 
mechanisms, how it can escape the trap of combinatorial 
search, and how it can solve the problems of smooth transi- 
tion between signal and symbol processing, efficient real- 
time coordination, etc. The brain is not organized like the 
hardware of current computers: the wiring is highly vari- 
able, and representations change over time. Behavior (and 
hence, also the computation that generates just that behav- 
ior) in neural systems seems to some extent self-generated 
in loops. Sensory input leads to brain activity that results in 
behavior, which leads to further sensation, which leads to 
further brain ac t iv i ty , . . . .  This rearrangement of neural 
systems to generate appropriate behavior is not produced 
by a process comparable to a software compilation process. 
Each new perceptual categorization and sensory-motor 
coordination links hardware components together in new 
ways, creating new structures within the population of 
physical elements available for further activation and 
recombination. 

That means that to obtain a better understanding of the 
type of computation probably utilized by the brain, we have 
to contrast neural computation with the programmed de- 
vices that adapt within fixed, predesigned constraints, in- 
stead of explaining brain processing in terms of those 
systems. 

To understand the properties, and develop models, of 
mechanisms that today exist on earth only as biological 
systems, the right questions have to be asked, and the key 
problem seems to be to understand how the brain acquired 
its architecture and how it updates the memory that is ex- 
pressed in this architecture, i.e., autonomous learning, in- 
cluding evolution and development. 

Close reference to physiology is a necessary, but not 
sufficient, prerequisite. Neural systems have to be investi- 
gated within the purposive organization of a behavior. Even 
a bird's wing would be a mystifying structure if one did not 
know its purpose. Models that simulate the processing of 
isolated procedures in neurally inspired architecture will 
not take us beyond the von Neumann paradigm. Defining a 
truly hard problem of recognition or behavior, and then 
trying to understand how the system could solve this prob- 
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lem under the constraints provided by the functional archi- 
tecture and the existing neural hardware (but not necessar- 
ily by already existing algorithmic structures) should result 
in some progress. For a complex system like the brain, 
functional organization matters, and it cannot be discarded 
without rendering the model obsolete. 

To understand brain computing, one has to accept the 
"natural law" provided by the functional architecture and 
the sound experimental data instead of settling comfortably 
upon methodologies and models that involve only the per- 
fect simulation of arbitrary software laws. The solution may 
rest in understanding the development of the system from 
the bottom up. For instance, flapping wings and having 
feathers were not the crucial steps toward the development 
of the aeroplane. It was necessary to follow the "phyloge- 
netically" correct order of implementation of behavioral 
abilities and their related controls: first the airfoil principle, 
then dynamic balance, and last propulsion. 2 That means, 
the order of acquiring certain abilities matters. We 
should not focus on a final version of a sophisticated fixed 
architecture, but instead find the way this architecture 
evolved from showing simple to showing complex behav- 
ioral capabilities. 

The crucial role of a value system for the development of 
self-referential architecture and control 

Complex systems like the brain must have an incredible 
number of control mechanisms which are directly related 
not to the content of sensations, categorizations, etc., but to 
the process of making these sensations and categorizations 
at all, and to maintaining a unitary organization of the sys- 
tem that allows its co-ordination according to the changing 
environment, e.g., synchronizing, managing, and arbitrating 
among different functions. The brain has evolved within 
these constraints of global control. Hence, without knowing 
at least the general characteristics of this control, and the 
order in which the controls developed, we may easily fail to 
understand the true key points of the system's function. 
Sensory processing is never a purpose by itself, but serves 
for behavior control. The smarter the sensory system, the 
smarter the sensory-guided behavior. However, the defini- 
tion of what the sensory input means is always decided at 
the highest instance of each brain, in direct reference to the 
"limbic system," which belongs to the phylogenetically (and 
also ontogenetically) oldest parts of the brain, and which 
can be considered as the "value system" of the brain. The 
limbic systems deal with emotions and serve for a coarse 
judgment of the current relative state of the creature and its 
environment: it evaluates a state as "good" or "bad" for 
survival, or also simply for the present desire of the crea- 
ture. Only recently has it been understood that emotions 
are directly related to the definition of the relation {input 
pattern --~ fundamental types of behavior}. 3 This is not a fine 
discrimination between slightly different alternatives, but a 
definition of very basic behavioral modes that are selected 
by that part of the brain (the limbic system) which is the 
"watchdog" of the essential interests of the living creature 
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(survival should be at the top of the list). Philosophically, 
this value system may be most closely related to the concept 
of "self" compared to other parts of the brain. 

The brain is acting in response to changes in its environ- 
ment, based on an evaluation of the situation from its 
"self"-interest, protecting its own existence, well-being, etc. 
Probably it is this "being a self", not only a reactive automa- 
ton, that is at the root of our flexibility in processing and 
behavior. The system need not be told any categorization. It 
is always interpreting objective syntactic sensory informa- 
tion from the viewpoint of its subjective internal description 
of the outer world, including itself as part of that world. 

The internal representation of the outside world is de- 
fined by the value system selectively according to the behav- 
ioral needs of the organism that is the host of the "self". 
This permanent subjective redescription of objective sen- 
sory information into a consistent internal representation of 
the world seems to be a key process allowing robustness and 
flexibility, for instance solving the symbol grounding prob- 
lem, and allowing rapid coordination of available resources 
for smart real-time behavior. Enforcing and keeping the 
consistency of this internal representation requires power- 
ful control of self-reference, since any new information has 
to be evaluated by the already acquired knowledge, and 
then integrated into the existing relational architecture of 
the subjective knowledge representation. 

Self-referential control allows self-organization of 
knowledge representation 

Biological systems represent the world (including them- 
selves) in a way that allows the optimal control of behavior 
by means of prediction, and the iterative tuning of this 
prediction to minimize prediction errors. 

"Self-reference" is a crucial control principle in this type 
of cognitive ability: any modification of the sensory input 
states produces a prediction error (since the previous pre- 
diction was based on the previous sensory inputs) which the 
supervisory control ("self") has to compensate for by a 
modified prediction. If this characteristic of modification 
cannot be compensated for by an existing repertoire of 
predictions (which represent the already acquired knowl- 
edge on the subject's action within that environment), the 
prediction error and the sites in the representational frame- 
work where those errors occur define what is new (hence, 
what has to be learned). The complete situation .that caused 
the steady prediction error does not have to be learned, but 
only the difference between the best existing prediction for 
that situation and the required prediction accuracy which 
eliminates an in tolerable prediction error sufficiently. In 
that way the system always makes a self-reference when 
behaving in the environment: necessary new knowledge is 
defined based on the impossibility of predicting the system's 
control state from existing knowledge. Hence, only that part 
is added to the existing knowledge which is needed to tune- 
up the prediction. In this way the new knowledge is always 
integrated into the relational framework of the existing 
knowledge. 

Therefore, "self-referential control" 

- enforces a consistent knowledge representation, 
- allows the utilization of existing knowledge to make pre- 

dictions even in an unknown environment, since to any 
sensory input, the brain responds first with the best fitting 
prediction (recall of acquired memory), which already 
has a value-based behavioral quality. 

Hence, the system can react even to unknown events by 
trying to find the best analogy memorized from its experi- 
ence. It can also start learning without a teacher, since it can 
apply a gradient strategy for improving its predictions based 
on a fairly good "initial hypothesis." 

Therefore, to repeat the conclusion drawn above, it is 
not the facts which are memorized in the course of sensory 
experience which are the basis of the cognitive abilities 
emerging in the flexible response of the brain to its environ- 
ment, but the architecture and self-referential control that 
forces the brain to make these representations. The archi- 
tecture of the brain does not reflect the knowledge stored 
there, but the control that provided the constraints for its 
acquisition. 

This is the crucial difference between the neural system's 
organization and that of a conventional computer. In sys- 
tems with this type of control architecture, acquired knowl- 
edge is put in the place where it is needed, and that place is 
decided by semantic evaluation via self-reference, and not 
by the syntactic structure of the sensory input itself. 

The decisive questions are: What type of self-referential 
control is required to allow the self-organization of a consis- 
tent relational knowledge representation?, and How could 
we implement such capabilities into our artificial neural 
systems? 

Self-referential architecture and control must exist from 
the beginning of the self-organization process. Hence, they 
should be encoded genetically, and their key elements 
should be expressed by the phylogenetically oldest struc- 
tures of all brains with a cortex. Next, the bootstrapping of 
a relational knowledge representation enforced by such 
self-referential control could plausibly be explained as be- 
ing guided by previously acquired knowledge that may 
serve as an initial hypothesis, even if not a very sophisti- 
cated one, but some a priori knowledge must be in the 
system to initialize the process. Also, since this a priori 
knowledge is a prerequisite for integrating sensory informa- 
tion into a consistent internal representation, it must be 
there before any sensory experience can shape the brain. 
We conclude that not only the control architecture, but also 
the initial knowledge must be genetically encoded. 

Below we propose a first approach that could provide the 
orientation for the development of non-von Neumann, 
brain-like computation. In the next section we propose a 
way to start the self-organization process, and also that a set 
of intrinsic values (as expressed in the emotional system) 
probably represents the necessary a priori knowledge. 
The following section describes a cortical architecture that 
might support the self-referential control of formation and 
recall of knowledge representation. We show that this cor- 
tical architecture performs sensory recognition in an analy- 



sis-by-synthesis way, which is what experimental data 
strongly suggest for visual recognition. 4 

Self-organization of semantic constraints for 
knowledge representation guided by a value system 

The neocortex developed top-down 

The failure of top-down designed systems of early AI  to 
ensure flexibility and robustness when confronted with real- 
world problems in recognition and control encouraged the 
bias toward purely bottom-up schemes of self-organization 
of knowledge representation, as in D. Marr's approach for 
vision, or the subsumption architecture in robotics pro- 
posed by R. Brooks. However, when starting at the lowest 
sensory and behavioral level, and developing increasingly 
more complex sensory and behavioral repertoires, the di- 
rection of the self-organization of the architecture must be 
defined by trial and error. Neither statistically based learn- 
ing, nor stochastic learning (e.g., genetic algorithms or evo- 
lutionary optimization rules) are sufficiently effective for 
such a purpose, and especially not for handling more com- 
plex problems in sensory categorization. To get more than 
simple reactive behavior, the designer has to specify the 
jobs, and the conditions for performing the jobs when add- 
ing a higher level to the systems hierarchy. The philosophy 
behind those approaches is the assumption that the brain 
has developed bottom-up, and that the emerging higher 
levels of the system's architecture subsequently enslaved 
the lower ones. 

However, recent insights into the phylogenetic develop- 
ment of brains with a cortex suggest that there is a top-down 
process. 3 The phylogenetic development of the neocortex 
started from two prime moieties: the paleocortical moiety 
(temporal pole) tied to holistic sensory analysis, and the 
archicortical moiety (hippocampal cortex) tied to process- 
ing the effective behavior. From these moieties, all other 
cortical areas developed step by step, with interconnections 
between areas of the same level of the emerging hierarchy. 5 
Hence, for both sensory analysis and behavior generation, 
the highest level of the hierarchy dealing with the most 
general evaluation of the sensory situation from the 
subject's position were in place first, and controlled the 
subsequent correlated development of lower levels of 
analysis and behavior generation. The phylogenetically 
youngest levels (last in development) are the primary sen- 
sory and motor areas. Only the oldest part of the cortex (the 
origin of its phylogenetic development) is reciprocally con- 
nected to the amygdala (AM), which is an old subcortical 
part of the limbic system related to emotion, and which has 
been shown to trigger elementary behavioral categories 
(e.g., fear conditioning, arousal, and escape behavior). 
Based on experimental evidence, we propose that this top- 
down development proceeded under the control of the AM 
and related structures, and that they constitute a value sys- 
tem for the subject (the living creature). Furthermore, we 
also conclude that in the primate neocortex, top-down con- 
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trol should still be dominant in defining the direction neces- 
sary for understanding a sensory situation, and setting the 
stage for the interpretation of the sensory input by the 
lower-level systems (Fig. 1). 

General scheme for self-organization of knowledge 
representation 

With the development of systems serving an ever more 
detailed analysis of sensory inputs (the hierarchy of which 
developed in a top-down direction, see above), the sensory 
input to the cortex may have been moved downward to- 
gether with the emerging lower hierarchical levels to the 
current primary sensory areas, while the "old" direct input 
to the oldest part of the sensory analysis is still present via 
the AM (Fig. 2). In the well-investigated ventral visual path- 
way of the cat, there are still direct inputs from the sensory 
thalamus to the inferotemporal (IT) cortex and all lower 
levels of visual filtering, despite the fact that the main 
stream of visual input to the visual cortex has been moved 
to V1, the phylogenetically youngest area, which is the low- 
est level of the cortical hierarchy of visual processing. To 
start the self-organization process of sensory categorization 
and purposive behavior generation at all, some a priori 
knowledge has to be available within the system. As a can- 
didate to store such a basic set of rules about how to react to 
sensory input states, we identify the AM based on recent 
experimental evidence. 3 

There is sufficient experimental evidence to indicate that 
AM neurons code a set of behaviorally important coarse 
sensory situations, 6~ and that the shortcut sensory input to 
the highest level of unimodal sensory processing, the IT 
cortex, is formed before the developing cortical afferent 
input via the primary sensory areas reaches the same tar- 
get. 9 Coarse representations in the IT cortex are formed as 
early as 10 days old in infant monkeys, a time when the 
developing afferent connections upwards in the neocortical 
filtering hierarchy have not yet reached the IT cortex. These 
representations are definitely generated by subcortical in- 
puts and are not subject to modification by ongoing sensory 
experience later on when the cortical afferent pathway to 
the IT cortex is fully developed. 1~ The candidate source for 
a subcortical input is direct input from the thalamus via the 
AM. Projections from the AM to the phylogenetically old- 
est part of the IT cortex are reciprocal and topographically 
organized, H but this does not apply to other sensory areas. 12 
Based on these sound facts, we propose that the AM may 
serve as a teacher (pointer) for establishing representations 
of the sensory environment in the IT cortex, which could 
then be refined and diversified - but not basically modified 
- by the rich details subsequently delivered by processing 
along the cortical hierarchy. This means that since, for any 
rush of sensory input, the established coarse representation 
in the IT cortex is always activated first before the afferent 
wave of filtered details arrives at the IT cortex via the 
cortical hierarchy, these representations can actually guide 
the afferent filtering to this target by sending feedback to 
lower levels of sensory filtering which meets the bottom-up 
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Fig. 1 According to our hypothesis, the phylogenetic development of 
the cortex is a top-down process, and a basic set of coarse rules on 
sensory-behavioral pattern evaluation mediated by the emotional sys- 
tem constitutes the origin of the development of knowledge represen- 
tation. The subsequent development of both a more refined sensory 

analysis and a behavioral synthesis in be tween  the value system that still 
remains at the top of the processing hierarchy and the sensor/actor 
level utilizes the semantic metric provided by the emotional system as 
the control for the emergence of refined constraints at any subsequent 
lower level of knowledge representation 

Fig. 2 The shortcut via the 
amygdala activates the highest 
level of unimodal sensory pro- 
cessing, the inferotemporal (IT) 
cortex, before the (both phylo- 
genetically and ontogenetically) 
developing cortical hierarchy of 
elaborate filtering can give inputs 
to the IT cortex 
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stream and takes control of it. The experimental  evidence 
cited above also implies that a basic set of such patterns and 
related behavior should be genetically imprinted in the AM. 
We conclude that these rules could serve to start building a 
knowledge representat ion to explore the envi ronment  and 
define the coarse constraints within which the system can 
self-organize depending on its sensory experience. 

Therefore, the AM seems to be the site that defines the 
semantic metric at the IT cortex for cortically preprocessed 
sensory patterns. The term "semantic metric" is used here 
to describe the relation between a certain situation in the 
envi ronment  and the activation of an appropriate behavior. 
The AM as a key element  of the emotional  system is pro- 

posed to define the fundamental  categorization of sensory 
situations (good or dangerous, pleasant or annoying,  etc.), 
which then is diversified during the ongoing experience of 
the living creature into a more and more elaborate hierar- 
chy of sensory representat ion and a suitable behavioral  rep- 
ertoire. 

Moreover,  since input to the IT cortex via the shortcut 
pathway thalamus ~ AM ~ IT is naturally much faster 
than via refined cortical filtering, this shortcut may serve not  
only as a semantic pointer  for learning, but  also for 
any recognition it may preactivate a coarse representat ion 
in the IT cortex as a hypothesis about new sensory input. 
From the evidence assembled by LeDoux, 13 we further pro- 



pose that this activated hypothesis may also define a seman- 
tic evaluation of the sensory input, and set the semantic 
constraints top-down for the detailed processing of the 
same sensory signals when they later arrive bottom-up in 
the lower levels of the cortex. 

One-shot learning: now-print command by the amygdala 

Having a teaching input from the AM that defines the site at 
the top of the hierarchy of sensory representation where the 
input pattern arriving at the lowest level has to be con- I 
nected is a proper prerequisite for the self-organization of 

F knowledge representation. However, sensory situations are 
highly variable, and do not repeat sufficiently often to facili- 
tate statistical learning. For some sensory situations the 
subject should not need a second chance to recognize it 
(danger, etc.). Learning to represent such short manifesta- 
tions and transient states in a heterarchy is not an easy 
problem. 

We propose the following hypothesis which is a possible 
scheme for one-shot learning in the brain. 3 In cases of strong I 
emotional activation (arousal), some of the nuclei of the AM [ and further subcortical nuclei triggers the nonspecific activa- 
tion and supply of a transmitter that supports the formation 
of LTP (long-term potentiation) in cortical visual and audi- 
tory areas. 13 15 Therefore, the part of the AM which is topo- i 
graphically connected to the oldest part of the IT cortex may ] 
define where a certain sensory situation has to be repre- I sented within the internal metric of semantic categorization, 
while other nuclei of the AM may serve to distribute a "now- 
print command" for one-shot learning nonspecifically into 
all cortical areas in cases of a sensory situation that caused 
arousal. This is either because the subject wants to learn that 
situation and raises its arousal by attention, or because the 
subject failed to respond properly to a sensory input since its 
internal representation of this situation has not yet been 
sufficient to elicit the required behavior, and disappointment 
or fear provide the arousal (Fig. 3). 

Existence of a value system is a prerequisite for any 
self-organization 

The proposed model hypothesis of how a complex system 
can start the self-organization of knowledge representation 
implies that emotions are probably not only some "side- 
effect" of brain processing, but are actually the crucial basic 
set of coarse pattern matching {sensory input pattern --~ 
behavioral archetype} that defines the coarse semantic met- 
ric for the evaluation of sensory situations, and supports its 
refinement with sensory experience. Our conclusion is that 
for any development of an autonomous system, regardless 
what class of performance is selected, a value system has to 
be designed first, setting the coarse potential characteristics 
of behavior within which the system can self-organize. Re- 
fined sensory analysis should develop in accordance with 
the need for refinement of behavior based on this coarse 
semantic metric. Self-organization of sensory categorization 
cannot be understood in terms of a bottom-up philosophy. 
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Fig. 3 It is proposed that a now-print command is sent from the 
amygdala to all subsystems of the heterarchy of sensory analysis and 
behavioral synthesis 

The primacy of top-down control for relating sensory events 
to meaningful behavior, and the existence of "supervisory 
control" by a value system (like the emotional system in 
living creatures) to coarsely set the semantic metric and 
watch its refinement through ongoing experience to keep it 
consistent are two key requirements for creating artificial 
systems that are expected to show the flexibility and robust- 
ness we admire when considering the performance of living 
creatures' brains. 

Robust and flexible recognition: analysis by synthesis 

Hypotheses constitute dynamic constraints for top-down 
control of sensory interpretation 

The top-down bias of control that guides the refinement of 
the system's architecture during phylogenetic development, 
as shown above, should later also dominate recall and the 
learning of facts within that architecture in a similar 
manner. Recognition of complex sensory situations must be 
an active process involving both bottom-up and top-down 
processing. The first stage in visual recognition seems to be 
a coarse holistic classification of the input, TM which is subse- 
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quently identified in detail. 17 Accumulated experimental 
evidence in psychophysics supports the assumption that 
conscious experience involves an active modelling rather 
than a passive perception of incoming informationff 

A self-referential system will respond to a sensory input 
by trying to find structures and regularities already repre- 
sented in the system, and to assemble the known aspects 
into the largest possible contextual frame. Aspects already 
understood should be removed from the data stream to 
make it easier to detect new regularities. 419 For this pur- 
pose, the neocortex has to construct a working model of the 
environment to compare it with the sensory input, remove 
those parts that match known items, and analyze the resi- 
due. Therefore, any recognition must be some kind of gen- 
eration of internal hypotheses and verifying them by 
eliminating the respective aspects from the sensory input. 
We conclude that interpretation of sensory input seems to 
be not only the activation of a higher-level internal repre- 
sentation, but also a process of re-creation of the internal 
representational architecture which best relates to the con- 
figuration of the sensory input, and which serves as an 
emerging dynamic constraint for the further refinement of 
the recognition. 

We now consider image recognition, since the visual sys- 
tem is by far the best investigated neural system in the 
cortex. Only for vision do we have sufficient experimental 
data to verify our hypothesis, and this comes from morphol- 
ogy, physiology, and psychophysiology. We also know from 
more than 30 years of computer vision research which prob- 
lems are the most difficult. 

It is widely agreed that a proper global hypothesis about 
sensory input will speed up an image interpretation process, 
and avoid the problem of combinatorial explosion which is 
inherent in the bottom-up local filtering approach. How- 
ever, in the case of real-world problems, to get the proper 
holistic hypothesis at the top of a hierarchic recognition 
system in order to control the filtering at lower levels, the 
recognition problem should already have been solved by 
the forward filtering process, i.e., a hen-and-egg problem. 

From the experimental evidence, we hypothesize that 
the brain avoids that dilemma by a parallel but coarse input 
to higher hierarchic levels of visual representation in the 
ventral pathway via the amygdala, triggering a coarse holis- 
tic decision on the behavioral meaning of the sensory input 
(see Fig. 2). We propose that this shortcut input of raw 
visual data to the highest level of visual representation acti- 
vates a coarse hypothesis which feeds forward an expecta- 
tion to the lower levels that sets the dynamic constraints for 
the refinement of this holistic, but coarse, hypothesis. 

Neurons in the amygdala show visual stimulus-selective 
responses, but they have a stronger tendency to respond to 
a specific category of stimuli; some responded only to a 
limited category of stimuli, such as an angry human face, a 
particular person, a dry food, the threatening face of a 
monkey, etc. s After that coarse setting of a semantic metric, 
the most salient aspects of the input description that are 
transmitted fastest along the neocortical filtering hierarchy 
may then specify a definite, but still coarse, holistic descrip- 
tion at the IT cortex within about 100 ms in a forward pro- 

cessing based on the first spike. 2~ The rapid activation of a 
holistic initial hypothesis on the raw input data at the top 
level for a pattern representation of the visual input (for a 
simple object this may be the IT cortex, for a scene the 
perirhinal cortex may be the best location) can impose con- 
tent dependent constraints on the afferent input description 
of the lower levels of the neocortical hierarchy. We assume 
that the refinement of the description by the lower level is 
only possible if the higher level has a sufficiently entrained 
hypothesis to feed back a definite support to allow the 
activation of related details of the description, limit the 
breadth of search, and prevent a combinatorial explosion of 
possible alternatives in local filtering. 

This assumption is supported by the fact that object rep- 
resentations in the IT cortex are activated within 5 ms after 
the arrival of the afferent information and do not change, 2~ 
while at V1 and extrastriate visual areas the ensemble of 
activated feature detectors may vary within a 200-ms win- 
dow of sustained cortical activation after the arrival of the 
afferent information. 22'23 We propose that the  200-ms re- 
sponse duration reflects the refinement of the internal hy- 
pothesis in a process of hypothetical reasoning, and that the 
subsequent activation of the less salient parts of the input 
description is biased under feedback from the more global 
evaluation at the higher level, 

Generation and verification of hypotheses require 
complex elementary processing nodes 

To implement the self-referential control for recall and 
learning, the prediction generated by the activated hypoth- 
esis must be compared with the true forward input descrip- 
tion (see above). The comparison is made at any processing 
node in the system's architecture, since the system has to 
decide exactly where and by what difference the knowledge 
has to be updated to allow a correct prediction of the input 
in question the next time it is received. This difference must 
be defined both explicitly and instantly. Usually, there is no 
chance of keeping the input constant for enough time to 
perform any kind of backpropagation, and rapid modifica- 
tion of the hypothesis is a key point for any learning without 
a teacher under real-world conditions. For comparison, the 
input description and the merging hypothesis should be 
separately represented at any elementary processing node 
in the system. Then, any of those nodes has to decide locally 
- according to its comparison of its state relative to the state 
of the global system reflected by the feedforward and feed- 
back inputs - which of its possible states it should instanti- 
ate, and which of its representations has to be updated in 
the process of learning. The elementary processing node of 
networks capable of this kind of hypothetical reasoning 
must have a sufficiently complex organization both for local 
control and knowledge representation to act as the required 
"local agent," and this basic organization should be roughly 
the same across all nodes of the system regardless of their 
position in the hierarchy. 

We propose that the neocortical columnar module 
should be the required complex elementary processing 
node. Our system architecture consists of a hierarchy of 



homogeneous nets, the elementary processing nodes of 
which are modular units. 

Functionally, the system is composed of two parts that 
are locally connected at any modular unit: the hypotheses 
are generated from afferent (sensory) signal flow in a for- 
ward processing hierarchy, and the hypotheses are firmly 
established, verified, and updated in a recurrently con- 
nected upper system part which serves to re-create that 
hierarchy of dynamically linked modular units that are ex- 
pected to be active if the emerging hypothesis in question is 
true. Verification of the hypothesis is performed at any 
modular unit of the network system by the feedback predic- 
tion. Those nodes (modular units) of the artificial neural 
system which have a forward-activated hypothesis consis- 
tent with the predictive feedback can strongly entrain this 
hypothesis, while switching off the afferent signal filters that 
generated the hypothesis. The local hypothesis is kept alive 
by mutual excitation of all local hypotheses that form a 
consistent global one within the recurrently connected hy- 
pothesis system part (Fig. 4), otherwise it cannot serve as 
the "context" for evaluating subsequent inputs. We have 
demonstrated the generation of an initial hypothesis, and its 
subsequent refinement under increasing top-down control 
of the emerging global hypothesis in simulating an object 
recognition in this architecture. 24 

Why the cortex needs to have a modular, 
multilayered organization 

A system like the cortex which is in continuous interaction 
with the environment, and which responds to any input by a 
prediction based on its previously acquired knowledge, can- 
not have simple processing nodes. It needs a kind of firm- 
ware-level organization to enable the local processing node 
to adjust its behavior within the organization, as proposed 
in the previous section. If we flatten the cortex we find an 
almost homogeneous layer composed of complex nodes and 
columnar units, the basic internal organization of which 
does not depend on the information represented there. We 
propose that this unitary architecture of columnar units 

177 

represents not the structure of the knowledge stored 
there, but the control that forces the system to make those 
representations. 

This firmware may represent the difference in the flex- 
ibility of processing, and especially in advanced learning, 
between creatures with and without a cortex. Creatures 
with a neocortex dominate the world because they know 
more about it than other animals, and it is the neocortex 
that is responsible for this. 4 The neocortex should be stud- 
ied as the system that makes use of acquired knowledge to 
decompose the stream of sensory data into (for the system) 
meaningful pieces, and to eliminate the expected from the 
input description, isolating those aspects of the input not yet 
accounted for by the internal description generated. 4'19 This 
would explain the enormous selective advantage of crea- 
tures with a neocortex for speedy and reliable recognition 
and learning. In this paper, we proposed an architecture 
that can implement the required quality of processing. We 
tried to define a general architecture by "abducting" crucial 
characteristics of the neocortical type of processing and of 
its neural hardware organization, which, as we claim, is 
different from lower-level types of signal filtering and ap- 
proximation which are implemented well by formal neural 
network architectures composed of simple formal neurons 
as the elementary processing nodes. Neural networks are 
graphical notations of the classes of algorithms which they 
support. Hence, different description levels for the encod- 
ing of information flow and its inherent control must also be 
reflected by an appropriate neural network architecture. 
Signal filtering and approximation in lower (subcortical) 
sensory processing stages are surely different in their 
algorithmic structures from internal simulation at different 
abstraction levels, which we propose for the cortical pro- 
cessing stages. 

Conclusion 

Fitting formal neural networks to represent certain aspects 
of the architecture and function of neural structures is 

Fig. 4 A simplified scheme of bi- 
directional processing according 
to our proposed general neocorti- 
cal-type architecture for self-ref- 
erential control of recognition and 
learning. The subsystems at any 
hierarchic level are composed of 
modular units which have the 
same general local control for 
intra- and intermodular commu- 
nication. See Koerner et al. 24 for 
details of architecture and func- 
tional implementation. Black  ar- 
rows,  reentrant connectivity 
within the hierarchy of feature 
representation; shaded  arrows, 
upstream signal description in a 
forward hierarchy 
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surely not the way to unders tand  the brain. That  the brain 
probably does the job in a rather  different way is strongly 
suggested by our failure to get anywhere near the perfor- 
mance of the brain in doing things that are very easy in 
everyday life, but  hopelessly tricky for the current genera- 
t ion of computers. 

To advance beyond the well known paradigms of 
current  computat ional  theory, we need a more functional 
grasp of brain-type computat ion.  As we suggested, the 
controls that allow the self-organization of the system may 
be the same ones that govern the adaptability and flexibility 
we admire when considering the performance of living 
beings. 

Physiology matters, because behind these structures is 
the architecture of control we need to understand.  Simple 
architectures generate simple behavior. Without  including a 
proper firmware organization in artificial neural  systems, 
any such system may be able to perform a very limited job 
(since the relevant  algorithm is represented in the designed 
architecture), but  it will not  have the robustness and flex- 
ibility we are looking for when trying to abstract some 
useful idea from the biological original for sensory process- 
ing and behavior  control. In this paper, we have tried to 
show that architectures in the brain  do not  reflect the result 
of thought, i.e., a ready-made algorithm for solving a 
problem, but  they reflect the control that generates the 
constraints to select a proper algorithm for a specific prob- 
lem posed by the input - or to create a new one if applica- 
t ion of the ones already acquired does not  result in an 
adequate solution. Unders tanding  the nature  of knowledge 
representat ion in the brain first requires an understanding 
of the control that forces the system to make representa- 
tions. To date, this intrinsic self-referential control has not  
been  the focus of work in neurocomput ing  and cognitive 
neurobiology. We strongly suggest that a value system, a 
priori knowledge, and neocortical firmware (columnar ar- 
chitecture) are crucial elements of artificial neural  systems 
that are expected to show both the robustness and the 
flexibility we admire when considering the performance of a 
brain. 
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