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eliciting a decision) requires about 200 ms, whereas the loss of information in a 
chaotic train of neural spikes takes a few msec. 

Let us consider the visual system; the role of elementary feature detectors 
has been extensively studied [34]. By now we know that some neurons are 
specialized in detecting exclusively vertical or horizontal bars, or a specific 
luminance contrast, etc. However the problem arises: how elementary detectors 
contribute to a holistic (Gestalt) perception? A hint is provided by [42]. Suppose 
we are exposed to a visual field containing two separate objects. Both objects 
are made of the same visual elements, horizontal and vertical contour bars, 
different degrees of luminance, etc. What are then the neural correlates of the 
identification of the two objects? We have one million fibers connecting the 
retina to the visual cortex. Each fiber results from the merging of approximately 
100 retinal detectors (rods and cones) and as a result it has its own receptive 
field. Each receptive field isolates a specific detail of an object (e.g. a vertical 
bar). We thus split an image into a mosaic of adjacent receptive fields. 

Now the “feature binding” hypothesis consists of assuming that all the 
cortical neurons whose receptive fields are pointing to a specific object 
synchronize the corresponding spikes, and as a consequence the visual cortex 

 
 
Figure 20. Feature binding: the lady and the cat are respectively represented by the mosaic of empty 
and filled circles, each one representing the receptive field of a neuron group in the visual cortex. 
Within each circle the processing refers to a specific detail (e.g. contour orientation). The relations 
between details are coded by the temporal correlation among neurons, as shown by the same 
sequences of electrical pulses for two filled circles or two empty circles. Neurons referring to the 
same individual (e.g. the cat) have synchronous discharges, whereas their spikes are uncorrelated 
with those referring to another individual (the lady) [42]. 
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organizes into separate neuron groups oscillating on two distinct spike trains for 
the two objects. 

Direct experimental evidence of this synchronization is obtained by 
insertion of microelectrodes in the cortical tissue of animals just sensing the 
single neuron (Fig. 20) [42]. 

An array of weakly coupled HC systems represents the simplest model for a 
physical realization of feature binding. The array can achieve a collective 
synchronized state lasting for a finite time (corresponding to the physiological 
200 ms!) if there is a sparse (non global) coupling, if the input (bottom-up) is 
applied to just a few neurons and if the inter-neuron coupling is suitably 
adjusted (top-down control of chaos) [5,23]. 
Fig. 21 shows the scheme of ART [27]. 

The interaction of a bottom-up signal (external stimulus) with a top-down 
change of the control parameters (induced by the semantic memory) leads to a 
collective synchronization lasting 200 ms: this is the indicator of a conscious 
perception. The operation is a control of chaos, and it has an optimality; if it 
lasts less than 200 ms, no decisions emerge; on the contrary, if it lasts much 
longer, there is no room for sequential cognitive tasks (Fig. 22). 
The addition of extra degrees of freedom implies a change of code, thus it can be 
seen as a new level of description of the same physical system. 

 
 
Figure 21. ART = Adaptive Resonance Theory. Role of bottom-up stimuli from the early visual 
stages an top-down signals due to expectations formulated by the semantic memory. The focal 
attention assures the matching (resonance) between the two streams [27]. 
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4.2.   From perception to cognition - Creativity 

We distinguish two types of cognitive task. In type I, we work within a prefixed 
framework and readjust the hypotheses at each new cognitive session, by a 
Bayes strategy. Bayes theorem [21] consists of the relation: 

 
)(

)(
)|()|(

dataP
hP

hdataPdatahP =  (9) 

That is: the probability )|( datahP  of an hypothesis h, conditioned by the 
observed data (this is the meaning of the bar | ) and called a-posteriori 
probability of h, is the product of the probability )|( hdataP  that data are 
generated by an hypothesis h, times the a-priori probability )(hP  of that 
hypothesis (we assume to have a package of convenient hypotheses with 
different probabilities) and divided the probability )(dataP  of the effectively 
occurred data. As shown in Fig. 23, starting from an initial observation and 
formulating a large number of different hypotheses, the one supported by the 
experiment suggests the most appropriate dynamical explanation. Going a step 
forward and repeating the Bayes procedure amounts to climbing a probability 
mountain along a steepest gradient line. 

 

 
 
Figure 22. Chaos is controlled by adding extra-dynamic variables, which change the transverse 
instability without affecting the longitudinal trajectory. In the perceptual case, the most suitable top-
down signals are those which provide a synchronized neuron array with an information lifetime 
sufficient to activate successive decisional areas (e.g. 200 ms), whereas the single HC neuron has a 
chaotic lifetime of 2 ms. If our attentional-emotional system is excessively cautious, it provides a 
top-down correction which may stabilize the transverse instability for ever, but then the perceptual 
area is blocked to further perceptions. 
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On the other hand, a complex problem is characterized by a probability 
landscape with many peaks (Fig. 24). Jumping from a probability hill to another 
is not Bayesian; I call it type II cognition. A deterministic computer can not do 
it. 

In human cognition, Type II is driven by hints suggested by the context 
(semiosis) yet not included in the model. Type II task is a creativity act because 
it goes beyond it implies a change of code, at variance with Type I, which 
operates within a fixed code. The ascent to a single peak can be automatized in a 
steepest gradient program; once the peak has been reached, the program stops, 
any further step would be a downfall. A non-deterministic computer can not 
perform the jumps of Type II, since it intrinsically lacks semiotic abilities. In 
order to do that, the computer must be assisted by a human operator. We call 
“meaning” the multi-peak landscape and “semantic complexity” the number of 
peaks. However, this is a fuzzy concept, which varies as our comprehension 
evolves (Fig. 25). 

Let us discuss in detail the difference between type I cognitive task, which 
implies changing hypothesis h within a model, that is, climbing a single 
mountain, and Type II cognitive task which implies changing model, that is, 
jumping over to another mountain. 

 

INFORMATION 
Fitness =  
Probability mountains 

final condition 

a-posteriori probability 

a-priori probability 

initial condition Darwin = Bayesian strategy 
 

 
Figure 23. Successive applications of the Bayes theorem to the experiments. The procedure is an 
ascent of the Probability Mountain through a steepest gradient line. Each point of the line carries an 
information related to the local probability by Shannon formula. Notice that Darwinian evolution by 
mutation and successive selection of the best fit mutant is a sequential implementation of Bayes 
theorem. [19,18] 
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We formalize a model as a set of dynamical variables ),,2,1( Nixi �= , N  
being the number of degrees of freedom, with the equations of motion 

 ),,;,,( 11 MNii xxFx µµ ��� =  (10) 

where iF  are the force laws and the M  numbers µ  represent the control 
parameters. The set } ,,{ µxF  is the model. 
Changing hypotheses within a model means varying the control parameters, as 
we do when exploring the transition from regular to chaotic motion in some 
model dynamics. 
Instead, changing code, or model, means selecting different sets Gy , ,ν  of 
degrees of freedom, control parameters and equations of motion as follows: 

 ),,;,,( 11 LRii yyGy νν ��� =  (11) 

where R and L are different respectively from N and M. The set } ,,{ νyG  is the 
new model. 

While changing hypotheses within a model is an a-semiotic procedure that 
can be automatized in an computerized expert system, changing model implies 
catching the meaning of the observed world, and this requires what has been 

 
MEANING 

complexity 

INFORMATION 

Bayes without semiosis 

complication 

STOP!!! 

 
 
Figure 24. Semantic complexity - A complex system is one with a many-peak probability landscape. 
The ascent to a single peak can be automatized by a steepest gradient program. On the contrary, to 
record the other peaks, and thus continue the Bayes strategy elsewhere, is a creativity act, implying a 
holistic comprehension of the surrounding world (semiosis). We call “meaning” the multi-peak 
landscape and “semantic complexity” the number of peaks. It has been guessed that semiosis is the 
property that discriminates living beings from Turing machines [39]; here we show that a 
nonalgorithmic procedure, that is, a non-Bayesian jump from one model to another is what we have 
called creativity. Is semiosis equivalent to creativity? [19,18]. 
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called embodied cognition [46]. Embodied cognition has been developed over 
thousands of generations of evolutionary adaptation, and we are unable so far to 
formalize it as an algorithm. 

This no-go statement seems to be violated by a class of complex systems, 
which has been dealt with successfully by recursive algorithms. Let us consider 
a space lattice of spins, with couplings that can be ferro or anti-ferromagnetic in 
a disordered, but frozen way (spin glass at zero temperature, with quenched 
disorder). It will be impossible to find a unique ground state. For instance 
having three spins A, B, and C in a triangular lattice, if all have ferromagnetic 
interaction, then the ground state will consist of parallel spins, but if instead one 
(and only one) of the mutual coupling is anti-ferromagnetic, then there will be 
no satisfactory spin orientation compatible with the coupling (try with: A-up, B-
up, C-up; it does not work; then try to reverse a single spin, but it does not work 
either). 

This model has a cognitive flavor, since a brain region can be modeled as a 
lattice of coupled neurons with coupling either excitatory or inhibitory, thus 
resembling a spin glass, [33,1,45]. We have a large number of possible ground 

 

0 

C 

K 

Scientific Theory 

Semiosis 

computation 

Re-coding = creativity 

Newton 

 
 
Figure 25. C-K diagram (C = computational complexity; K = Information loss rate in chaotic 
motion): Comparison between the procedure of a computer and a semiotic cognitive agent (say: a 
scientist). The computer operates within a single code and C increases with K. A scientist explores 
how adding different degrees of freedom one can reduce the high K of the single-code description. 
This is equivalent to the control operation of Fig. 22; it corresponds to a new model with reduced C 
and K. An example is offered by the transition from a molecular dynamics to a thermodynamic 
description of a many body system. Other examples are listed in Table 1. The BACON program [41] 
could retrieve automatically Kepler’s laws from astronomical data just because the solar system 
approximated by Newton two-body interactions is chaos-free. 
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states, all including some frustration. Trying to classify all possible 
configurations is a task whose computational difficulty (either, program length 
or execution time) diverges exponentially with the size of the system. 
Sequentially related changes of code have been successfully introduced to arrive 
at finite-time solutions. [37,44]. 

Can we say that the mentioned solutions realize the reductionistic dream of 
finding a suitable computer program that not only climbs the single probability 
peak, but also is able to choose the highest peak? If so, the optimization problem 
would correspond to understanding the meaning of the object under scrutiny. 

We should realize however that spin glasses are frozen objects, given once 
for ever. A clever search of symmetries has produced a spin glass theory [37] 
that, like the Renormalization Group (RG) for critical phenomena [47] discovers 
a recursive procedure for changing codes in an optimized way. Even though the 
problem has a large number of potential minima, and hence of probability peaks, 
a suitable insight in the topology of the abstract space embedding the dynamical 
system has led to an optimized trajectory across the peaks. In other words, the 
correlated clusters can be ordered in a hierarchical way and a formalism 
analogous to RG applied. 

It must be stressed that this has been possible because the system under 
scrutiny has a structure assigned once for ever. In everyday tasks, we face a 
system embedded in an environment, which induces a-priori unpredictable 
changes in course of time. This rules out the nice symmetries of hierarchical 
approaches, and rather requires an adaptive approach. Furthermore, a real life 
context sensitive system has to be understood within a reasonably short time, in 
order to take vital decisions about it. 

Table 1. From complication to complexity: four cases of creativity. 

 
1 - electricity - magnetism - optics 
 

 
Electromagnetic equations (Maxwell) 

 
2 - Mendeleev table 
 

 
Quantum atom (Bohr, Pauli) 

 
3 - zoo of 200 elementary particles 
 

 
Quarks (M. Gell Mann) 

 
4 - scaling laws in phase transitions 

 
Renormalization group (K. Wilson) 
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We find again a role of control of chaos in cognitive strategies, whenever we go 
beyond the limit of a Bayes strategy. We call creativity this optimal control of 
neuronal chaos. Four cases of creative science are listed in Table 1. 
Furthermore, Fig. 24 sketches the reduction of complexity and chaos which 
results from a creative scientific step. 

Appendix.  Haken theory of laser threshold [28,29,30,34] 

We summarize in Table 2 the Langevin equation for a field E, ruled by a 
dynamics )(Ef  corresponding to the atomic polarization and perturbed by a 
noise. The noise has zero average and a delta-like correlation function with 
amplitude D given by the spontaneous emission of the N2 atoms in the upper 
state. 

The time dependent probability ),( tEP  for E obeys a Fokker-Planck 
equation. In the stationary limit of zero time derivative, the Fokker-Planck 
equation is easily solved and gives a negative exponential on )(EV which is the 
potential of the force )(Ef . 

Below laser threshold, )(Ef  is linear, V quadratic and )(EP  Gaussian. 
Above threshold, f  has a cubic correction, V is quartic and )(EP  displays two 
peaks at the minima of the quartic potential. 
 

Table 2. 
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