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Sherrington and Fulton

For my M.D. from Yale University 1954 cum laude, my thesis advisor was
Professor of Physiology John Farquhar Fulton, Chair of History of Medicine,
founder of the Journal of Neurophysiology, and author of the first "Textbook of
Neurophysiology".

His mentor was Sir Charles Sherrington, my 'scientific grandfather'.
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McCulloch and Pribram

Two of my teachers who were most influential in my choice of career were
Warren McCulloch and Karl Pribram. Both are men of extraordinary vision.
Karl actually read and approved my thesis, so that I could graduate. Though he
and I have often disagreed about the details of brain functions, we have been
extraordinarily close in the emergence in our minds of the field structure of brain
dynamics, which he epitomizes in the holographic model, and which I have
structured in K-set theory.  We are so close that we can actually meaningfully
disagree.

The stark difference between the understandings of brain function and the
models in which they expressed that understanding is seen in the difference
between the neural network of neurons acting as binary switches to do Boolean
algebra vs. the holograph performing storage and retrieval of memories by a
linear transform and its inverse. Both models are archetypes: neither true nor
false, and enormously productive.
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EEG, Cat hungry, then satiated

My cat with bipolar electrodes fixed across the prepyriform dipole field was
deprived of food for two days and was waiting patiently in a box; There was a
constant flow of air into the box, into which I introduced an odor of fish (at the
arrows), after the cat had settled into an alert but relaxed state. Within seconds of
onset of the odor at the arrows the cat was prowling and miauing in search of the
food.

After feeding to satiety, the same odor elicited no comparable gamma
oscillations with inhalation.

My interest came to focus on the background activity, which was robust,
formless, and pervasive.
This broad-band "1/f"  'spontaneous' oscillation looks like chaos, but it is not, at
least, not deterministic chaos, which is noise-free, stationary, time invariant, and
autonomous. Brains and their parts and networks are noisy, nonstationary, time-
varying, and engaged with the environment.

The activity proves to be self-organized, controlled, bandpass filtered noise
maintained by a non-zero point attractor, which is stabilized by the thresholds
and refractory periods of neurons everywhere.
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PG PSTH

The classic engineering approach to an unknown system is to perturb it with
controlled inputs. The most useful input in physiology is the impulse: a  single-
shock electric stimulus of fixed duration and amplitude that can be varied in
steps.The impulse response is either a pulse train or a local field potential or
evoked potential, which shows the pattern of relaxation back to the rest state after
perturbation.

Use of classic physiological paired-shock stimulation for perturbation allows
testing for linearity by evaluating proportionality and additivity.

When a small-signal, near-linear range has been identified, then the neural
impulse response can be decomposed into linear basis functions - sines, cosines,
steps and ramps - which are the solutions to linear differential equations.

The components are identified and evaluated by fitting sums of basis functions
to the digitized data, as exemplified here.

The ordinary differential equations, ODE, can be structured so as to describe the
neural populations as networks, and to evaluate the connection strengths and
time delays from measurements of the characteristic frequencies.
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PG cells and Chloride Ion

Most neuroscientists regard every small GABAergic interneuron as inhibitory.
Like acetylcholine, norepinephrine and other neurotransmitters the effects of
transmission at A receptors may be either excitatory or inhibitory.

Internal granule cells in the bulb are also GABAergic. Their action on mitral
cells, which have low intracellular chloride ion concentrations, is inhibitory.

The PG cells have high intracellular concentrations of chloride ions, so their
actions by GABA on each other are excitatory by allowing chloride ions to exit
at GABA-A receptors. The same appears to hold for the tufts of mitral and
tufted cells.

These results provide anatomical and physiological explanations for the
theoretical prediction that periglomerular GABAergic interneurons are
excitatory.

Siklos L, Rickmann M, Joo F, Freeman WJ, Wolff JR (1995)
Chloride is preferentially accumulated in a subpopulation of
dendrites and periglomerular cells of the main olfactory bulb in
adult rats.  Neuroscience 64: 165-172.

Freeman WJ (1975) Mass Action in the Nervous System. New
York: Academic Press, Fig. 4.23, page 215.
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Complex plane, frequencies and decay rates

The first draft of the "launch pad" is a plane in which the components of impulse
responses are plotted in terms of their frequencies and time constants of the
exponential envelope of the oscillation at a fixed frequency.

This is the essence of linear analysis, which is the mainstay of EEG and ECoG
and LFP analysis by means of SVD, PCA, ICA, ARMA, FFT, wavelets, and
related basis functions.
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Change of scales

Engineers measure frequency in radians/second rather than Hz for analytic
purposes, in which 2 pi times the radius goes around each cycle of oscillation in
degrees, as contrasted with the arbitrary 360 degrees.

They prefer decay rate = 1/time constant so as to avoid the singularity at the
origin.
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Complex plane, Eigenvalues., Laplacian

Each component is evaluated for frequency alpha and decay rate omega, which
expresses the characteristic frequency as an eigenvalue, either real-valued
specifying an exponential decay or growth, or an oscillation by means of an
imaginary part in pairs of poles, one in the upper half of the complex plane as
shown, the other as a mirror pole in the lower half of the complex plane (not
shown here).
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Complex plane, poles, roots

The complex plane can now be subdivided into three regions.

The left half of the complex plane is the location of components in the near-
linear range from averaged evoked potentials (AEP) and poststimulus time
histograms (PSTH), all of which converge to zero sooner or later.

The right half of the complex plane shows only diverging components, which
cannot be extracted as experimental observations, because each such event is
unique and would not allow the averaging that is necessary for removing the
background to derive AP and PSTH.

The imaginary axis at decay rate alpha = 0/s is the locus of quasi-stationary
signals that proves to be the site of convergence of oscillatory background
activity of cerebral cortex.
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Complex plane, root loci

When an impulse response (PSTH or AEP or ERP) has been established,
measured, and expressed in terms of the parameters of basis function, then the
characteristic frequencies are known and plotted as points in the complex plane.

Any change in the input or in the system connectivity will change the
characteristic frequencies.

Such changes include variations in stimulus intensity, rate and duration;
behavioral changes related to motivation, attention, waking, sleeping, and all
varieties of learning; administration of pharmacological agents such as
neurotransmitters, agonists, antagonists, neuromodulators, etc., and including
training of the subject to perceive the electric shock as a conditioned stimulus.

The complex plane as a launch pad can be used to plot any system variation in
cerebral networks that can be tracked in the near-linear, small-signal range.

Successive points with dose-dependent changes in input or drug that result in
changes in characteristic frequencies can be plotted as a succession of poles or
'roots' of the ODE. Thereby specifying a ROOT LOCUS. Typically with any
change in the system or its input, there is a constellation of changes in the
characteristic frequencies that are evaluated by decomposition with linear basis
functions.
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Lashley, reverberatory circuits, PG PSTH

Returning to the PSTH of a periglomerular interneuron, this neuron responds to
single shock stimulation with an abrupt rise and an exponential decay back to
the prestimulus background level of 'spontaneous' activity.

The decay rate of return to the baseline increases in proportion to the intensity of
the stimulus. These are two extreme values over a range of 6 steps of stimulus
intensity.
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PG root loci

The solutions to the linear ODE that describe the PG impulse response give a
constellation pf poles, including the 'open loop' poles at -220/s and -530/s. The
six poles nearest the origin (circled in red) are evaluated by the exponential
decay of the PSTH at 7 levels of stimulus intensity.

This launch pad tells us the origin of the background noise that underlies the
EEG, ECoG and LFP. It provides the foundation for the development of K-set
theory.

Freeman WJ (1975) Mass Action in the Nervous
System. New York: Academic Press
http://sulcus.berkeley.edu/MANSWWW/MANSWWW.
html
Freeman WJ, Kozma R, Werbos P (2001)
Biocomplexity: Adaptive behavior in complex
stochastic dynamical systems.  BioSystems 59: 109-
123.
Kozma R, Freeman WJ (2001) Chaotic resonance:
Methods and applications for robust classification
of noisy and variable patterns.  International
Journal of Bifurcation and Chaos 10: 2307-2322.
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PG Threshold, non-zero point attractor

The 6 decay rates plotted against stimulus intensity extrapolate to zero decay rate
(a step output) at 18 microamp times 10 microsec = 189 picoCoulomb.

The 6 values of peak amplitude plotted against  stimulus intensity extrapolate to
the same value of input.

The conclusion is that the decay rate is zero for zero input. Therefore, this
network (system) of PG cells is stabilized by a non-zero point attractor that is
expressed in a linear analysis as a zero eigenvalue specifying a pole at the origin
of the complex plane.
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Pole at the origin of the complex plane

Linear theoretical analysis now tells us that mutual excitation among
periglomerular cells sustains their background activity, and that the level of the
spontaneous activity is stabilized by the refractory periods of the axons. There is
no need for inhibition to prevent runaway excitation.

This result can be generalized to all areas of allocortex and neocortex. The great
majority of synapses on cortical pyramidal cells are excitatory from other
pyramidal cells. Owing to variations in distances and delays among the immense
distributions of synapses, the resulting output from mutual excitation is
sustained excitatory bias to all other neurons to which excitatory populations
transmit.

It is important to recognize that this linear description is not a hypothesis that the
brain operates by linear dynamics. And it is not a model of brain dynamics,
which we know is neither linear, stationary nor autonomous. Instead, the "launch
;pad" is a descriptive device, a heuristic tool, that enables us to assemble in one
diagram a vast array of data from neurophysiology, neuroanatomy,
neurochemistry, neuropharmacology, and neuropsychology;.

We take advantage of the fact that cortex within its normal operating range
generates impulse responses that show additivity and proportionality, the two
requirements for applying linear decomposition of impulse responses into the
family of linear basis functions. In turn, these basis functions are the solutions
to linear ordinary differential equations, which can readily be algebrized by
means of the Laplace Transform.
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Root loci:  Sigmoid curve

The relation of pulse density output of neurons to the wave density of dendritic
current in populations is described by the 'asymmetric sigmoid curve', which has
been derived from a statistical mechanical generalization of the Hodgkin-Huxley
equations (Freeman, 1975).

The derivative of the sigmoidal input-output specifies the amplitude-dependent
nonlinear gain of the relation. The peak gain is displaced to the excitatory side of
input. This nonlinearity reflects the fundamental property of individual neurons,
that the closer they are brought to threshold, the more likely they are to fire.

Most neurons spend most of their lifetimes just below threshold, giving a pulse
on average about 1/s but randomly, lasting about 1 ms, and therefore having a
duty cycle of 0.1% of their lifetime.

Freeman WJ (1979) Nonlinear gain mediating
cortical stimulus-response  relations.  Biological
Cybernetics 33:237-247.
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Root loci:  Sigmoid curve, KIe

The piece-wise linear approximation of the nonlinear gain is shown for the case
of no input (blue), smallest detectable response (green) and highest amplitude
observed response (red) as tangents to the sigmoid curve. The gain values are
shown as dots on the nonlinear gain curve.
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St. Thomas Aquinas, Intentionality

This description of the dynamics of the genesis of sustained cerebral cortical
activity suffices to explain the phenomenon of the origin of behavioral activity,
that is driven by the brain. That behavioral activity was described seven centuries
ago by St. Thomas Aquinas as intentionality: the constant outward thrust of the
body under the direction of the brain into the environment. The Latin word
"intendere" was derived from the word for "bow string", the agency by which
the arrow was driven, giving us also the word "tendon" and "tendency"; in law
"intent", which differs from "motivation" that is the reason for the intent, and
"desire" that is the experience of the intent.

Tomaso's revolution was overturned by Descartes in mathematizing brain
function, the predominant view in the 20th and 21st centuries
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An example of intentionality

An example of intentionality
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Root loci:  Stimulus Intensity, Pentobarbital

The results are shown of single-shock stimulation of the lateral olfactory tract
while recording the impulse response of the olfactory bulb. The effect of
increasing stimulus intensity is to reduce the frequency of oscillation with little
change in the decay rate. The same pattern is seen with increased dosage of
intravenous pentobarbital, a short-acting general anesthetic that reduces the
background activity by enhancing inhibition.

It is clear that the characteristic frequencies are determined by the ratio of the
evoked amplitude to the background amplitude, and that either can be changed,
giving the same result.
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AEP, PSTH: Gain reduction by threshold

The role of inhibitory neurons in cerebral allocortex and neocortex is to provide
for oscillation, not stability. Instability with negative feedback can occur just as
readily as with positive feedback, and yet both can be stable.

The impulse responses (PSTH and AEP) in the near-linear, small-signal range
are proportional and additive under paired-shock stimulation, so they can be
fitted and measured with the sums of linear basis functions. For the case of
oscillation, these are damped cosines specifying frequency and decay rate.

The mechanism for stabilization of oscillations at high intensity stimulation
(giving impulse responses for which the peak amplitude exceeds the peak-to-
peak amplitude of the background activity) is by block of the output of
excitatory neurons by inhibition below threshold.

The excessively inhibited neuron cannot transmit its output in proportion to its
input. This failure results in decreased negative feedback gain. The result is a
decrease in the frequency of oscillation with relatively little change in decay rate.
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Root loci:  Mode 1i

The root loci showing the changes in characteristic frequencies with increased
stimulation intensity (left) and increased dosage of pentobarbital (right).

This figure illustrates the use of the complex plane as a launch pad to
demonstrate and simulate dose-dependent relationships between AEP, PSTH,
etc. impulse response components and pharmacological agents that include
agonists, antagonists and blockers of neurotransmitters and neuromodulators, as
described further in Freeman, 1975.
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Root loci:  PG PSTH and AEP

The stimulation of the lateral olfactory tract gives an antidromic volley to the
bulb, which bypasses the normal input, giving an  abnormal impulse response.

The stimulation of the primary olfactory nerve gives an orthodromic volley that
excites the PG cells as well as the mitral-tufted cells.

The impulse to the M-T cells gives the oscillatory component of the AEP
(above) at 3 levels of intensity, which shows an increase in decay rate with
relatively little change in frequency. This is because the impulse input from the
receptor axons to M-T cells is relayed to the granule cells and then back to the
M-T cells as an excitatory bias. The effect of the bias is seen in the baseline shift
in the upper frames.

The impulse response of the PG cells is shown in the lower frames, again
showing increased decay rate with increased amplitude. The net effect is that the
inhibitory bias seen with antidromic activation is over-ridden by the excitatory
bias of the PG cells.
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Root loci:  64 AEP OB from PON

A set of 64 averaged evoked potentials is recorded simultaneously from an 8x8
3,5x3,5 mm array placed on the surface of the olfactory bulb, while a single-
shock stimulus is given repeatedly to the nerve to elicit an orthodromic volley.

The maximal amplitude is determined by the topographic organization of the
axons in the nerve on the surface of the bulb. There is a phase delay in the
oscillations which is imposed by the conduction velocity of the unmyelinated
axons in the nerve.

The frequency of oscillation is everywhere the same and equal to the peak
frequency in the power spectral density of the background ECoG, but the decay
rate is proportional to the peak amplitude of the impulse response.
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Root loci:  Mode 1e

The constancy of the frequency of the oscillation of the impulse response on
orthodromic stimulation is in striking contrast to the reduction in frequency of
the antidromically induced impulse response in proportion to stimulus intensity,
owing to by-passing the PG cells at the input.

The tendency is for increased decay rate with increased amplitude from the
minimal amplitude that is closest to the background state.
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Root loci Mode 2:

The triangles show the characteristic frequencies of AEP impulse responses to
single-shock stimulation at fixed intensity about 2x threshold.

Each triangle shows the set point of the olfactory bulb during the time of
sampling, roughly 14 sec for N - 100 at 7.s,

The root loci in this mode show decreased decay rate with increasing amplitude,
which implies convergence to a limit cycle near 40 Hz with zero input, which
corresponds to the pole at the origin and the upper limit on frequencies at zero
input.

The conclusion is that inhibition gives a stable limit cycle as the basal state.This
is the basis for construction of the KII set.

 In practice, the olfactory system is under continual perturbation by input and
has intrinsic long-range excitatory and inhibitory feedback at the KIII level,
which gives a nonconvergent attractor that reflects the broad-spectrum "1/f"
activity that resembles "chaos".

Therefore, mutual excitation by positive feedback among pyramidal cells
combined with negative feedback from inhibitory interneurons can explain the
robust background activity.

The complex plane is the launch pad for description of the near-linear dynamics
of the cerebral cortex but only in the left half. It cannot cross into the right half
and support the integration of nonlinear processes, not even by piece-wise linear
analysis using describing functions.
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Root loci:  Sigmoid curve, KIIob

The linearization of the feedback gain is shown for the conditions given by the
three Modes.

Mode 1i holds for the antidromic stimulation of the lateral olfactory tract, giving
bulbar AEP and PSTH with inhibitory bias, which reduces steady state gain
below unity..

Mode 1e holds for orthodromic stimulation of the primary olfactory nerve,
giving  AEP and PSTH, in which excitatory bias keeps the system at the steady
state gain of unity.

Mode 2 holds for normal sensory input, which allows for the induction of bursts
of oscillation by the enhancement of feedback gain greater than unity. It is this
feature, which is called "input-dependent gain", that enables destabilization of
cortical dynamics, enabling the system trajectory to enter into the right half of
the complex plane.

This is as far as linear analysis can carry us.
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Root loci: Summary of root loci

root loci

In summary, the three root loci support the model for 'spontaneous' background
activity as mutual excitation coupled with inhibitory feedback.

This is the launch pad for nonlinear analysis.

Details may be found in the monograph now available for download from
http://sulcus.berkeley.edu

Freeman WJ (1975) "Mass Action in the Nervous System" New York: Academic
Press, 1975

©  2 0 0 4 :
http://sulcus.berkeley.edu/MANSWWW/MANSWWW.html
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EEG, Cat hungry, then satiated

The background 'spontaneous' activity is now accessible for further modeling.
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Helmholtz, army surgeon, neuroscientist, 1st law of thermodynamics

The discovery by Helmholtz of the law of conservation of energy had a
profound effect on the biological sciences, because he replaced the concept of
spirit or animus with the material concept of nerve-force.
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Charles Darwin  1809-1882

"The involuntary transmission of
nerve-force may or may not be
accompanied by consciousness.
Why the irritation of nerve- cells
should generate or liberate nerve-
force is not known; but that this is

the case seems to be the
conclusion arrived at by all the
greatest physiologists such as

Müller, Virchow, Bernard, and so
on."

   The Expression of Emotions in
Man and Animals (1863) p. 70

The notion of nerve-force and nerve-energy swept through the entire scientific
community.
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J HughlingsJackson

Hughling Jackson used the concept to describe many aspects of neurological
function and malfunction.
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Sigmund Freud

NEURODYNAMICS
"[My] approach is derived from

clinical observations of 'excessively
intense' ideas in hysteria. … What I

have in mind  is the principle of
neuronic inertia. It finds expression in

the hypothesis of a current passing
from dendrites to axon. … Memory is
made possible by supposing that there
are resistances in contacts between the
neurons that function as barriers. …

The hypothesis of 'contact-barriers' is
fruitful in many directions."

Sigmund Freud (1893) "The Project of
a Scientific Psychology", pp. 356-359.

[Three years later, Foster and Sherrington named the 'synapse'.] 

Freud used the law of conservation of energy and momentum to describe the
functional dynamics of hysteria, purely dynamic diseases in the absence of
pathological anatomy.
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Gilbert Ryle - Category error

_________________________________

________

___________________________

This entire thrust was abandoned, because 'nerve energy' is not conserved. The
simplest demonstration is to excite both ends of a nerve simultaneously. The
orthodromic and antidromic action potentials collide and annihilate. They are not
conserved., as would be solitons. This is an example of a category error.
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Kohler

Wolgang Kohler likewise committed a category error, when he identified his
perceptual fields with the electric fields of the newly discovered EEG.
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Roger Sperry

Sperry disproved the electric field hypothesis experimentally. However, he did
not disprove Kohler's field theory.
His lesions did not extend into the depth of the cortex. He admitted as much to
me during an interview in 1958.

The result of his experiments was to discredit field theories. The concept of
'information' replaced that of 'nerve energy'.
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Classic Thermodynamics, equilibrium

A new launch pad is needed to extend dynamic theory into nonlinear analysis,
corresponding to the forbidden territory in the right half of the complex plane.

I propose to adapt the thermodynamic of processes far from equilibrium as
developed by Ilya Prigogine.,

Here is a phase portrait of matter in three forms, showing the three phase
boundaries, the triple point, and the critical point that terminates the boundary
between gas and liquid. The coordinates are classically the temperature on the
abscissa and the pressure or volume on the ordinate. These two variables
correspond to the rate of energy dissipation (power) and to an order parameter.

Above the critical values for power and order, a particle cannot be defined as
belonging to either phase.

At equilibrium, maximum power corresponds to minimum order.
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Self-organized criticality - Neurodynamics

The critical point is identified with the pole at the origin of the complex plane in
linear analysis.

The phase boundary is identified with the imaginary axis.
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Self-organized criticality - compare to complex plane

The background activity is identified with a pole near the imaginary axis,
corresponding to the receiving phase.

The respiratory cycle is identified with a phase transition. The trajectory
encircles the critical point, which stabilizes the cortex in self-organized criticality
(SOC).
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Self-organized criticality - action perception cycle

The trajectory of the theta respiratory cycle is modulated by the amplitude
fluctuations of the gamma burst.

Freeman W.J. [2004a] Origin, structure, and role of background
EEG activity. Part 1. Analytic amplitude. Clin. Neurophysiol.
115: 2077-2088.

http://repositories.cdlib.org/postprints/988
Freeman W.J. [2004b] Origin, structure, and role of background
EEG activity. Part 2. Analytic phase. Clin. Neurophysiol. 115:
2089-2107.

http://repositories.cdlib.org/postprints/987.
Freeman W.J. [2005] Origin, structure, and role of background
EEG activity. Part 3. Neural frame classification. Clin.
Neurophysiol. 116 (5): 1118-1129.

 
http://authors.elsevier.com/sd/article/S1388245705000064
Freeman WJ (2006) Origin, structure, and role of background
EEG activity. Part 4. Neural frame simulation. Clinical
Neurophysiology 117/3: 572-589.

http://sulcus.berkeley.edu/FreemanWWW/manuscripts/V4.p4/ClinicalNeurophysiolo
gyP4.05.pdf
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Self-organized criticality - gamma bursts

The trajectory of the theta respiratory cycle is modulated by the amplitude
fluctuations of the gamma burst.

Freeman W.J. [2004a] Origin, structure, and role of background
EEG activity. Part 1. Analytic amplitude. Clin. Neurophysiol. 115:
2077-2088.

http://repositories.cdlib.org/postprints/988
Freeman W.J. [2004b] Origin, structure, and role of background
EEG activity. Part 2. Analytic phase. Clin. Neurophysiol. 115:
2089-2107.

http://repositories.cdlib.org/postprints/987.
Freeman W.J. [2005] Origin, structure, and role of background
EEG activity. Part 3. Neural frame classification. Clin.
Neurophysiol. 116 (5): 1118-1129.
        http://authors.elsevier.com/sd/article/S1388245705000064
Freeman WJ (2006) Origin, structure, and role of background
EEG activity. Part 4. Neural frame simulation. Clinical
Neurophysiology 117/3: 572-589.

http://sulcus.berkeley.edu/FreemanWWW/manuscripts/V4.p4/Clinica
lNeurophysiologyP4.05.pdf
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EEG, Cat hungry, then satiated

This is an example of the dynamics I am describing, in a graph by which to
display the main contributing factors: the sustained background activity, the
concept of self-organized criticality, and phase transitions in the genesis of
gamma bursts.

There is so much to be learned about these processes, and this is an aid in the
learning process.



44

Walter J Freeman               University of California at Berkeley44

Self-organized criticality - phase transitions

The complex plane is extended to incorporate the three trajectories of the three
Modes.

Reviews:
Freeman, W.J. (2005) A field-theoretic approach to
understanding scale-free neocortical dynamics. Special Issue on
"Nonlinear spatio-temporal neural dynamics – experiments and
theoretical models". Biol. Cybern. 92/6: 350-359.
 h t t p : //su l c u s . b e r k e l e y . e d u /wj f /FA _ Sc a le -
free%20Neocort%20dyn.pdf

Freeman WJ, Holmes MD (2005) Metastability, instability, and
state transition in neocortex. Neural Networks.

http://authors.elsevier.com/sd/article/S0893608005001085
Freeman WJ (2005) NDN, volume transmission, and self-
organization in brain dynamics. J Integrative Neuroscience 4 (4):
407-421.

http://sulcus.berkeley.edu/wjf/AU_NDN%20Freeman%20Bach-y-
Rita%20JIN.pdf
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Self-organized criticality - compare to complex plane

The near-linear domain that is centered on the triangles and outlined by the grey
patch took 20 years, resulting in K-set theory. The extension into the nonlinear
domain took 30 years additionally.

A preliminary report is currently under review:
Freeman WJ [2007] Phase portrait  of cortical dynamics in perception. Intern J
Intelligent Systems.

Prior Reviews:
Freeman, W.J. (2005) A field-theoretic approach to understanding
scale-free neocortical dynamics. Special Issue on "Nonlinear
spatio-temporal neural dynamics – experiments and theoretical
models". Biol. Cybern. 92/6: 350-359.
                 http://sulcus.berkeley.edu/wjf/FA_Scale-
free%20Neocort%20dyn.pdf
Freeman WJ, Holmes MD (2005) Metastability, instability, and
state transition in neocortex. Neural Networks.

http://authors.elsevier.com/sd/article/S0893608005001085
Freeman WJ (2005) NDN, volume transmission, and self-
organization in brain dynamics. J Integrative Neuroscience 4 (4):
407-421.

http://sulcus.berkeley.edu/wjf/AU_NDN%20Freeman%20Bach-y-Rita%20JIN.pdf
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Haken Prigogine

The analysis using nonequilibrium thermodynamics derives from Prigogine.

Closely related is the nonlinear analysis using synergetics developed by Haken.
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Renyi-Erdos

A promising route of analysis is provided by random graph theory applied to
neural networks in brains by Kozma and Bollobas.

Kozma R, Puljic M, Balister P, Bollabas B, Freeman WJ. (2005)
Phase transitions in the neuropercolation model of neural
populations with mixed local and non-local interactions. Biol.
Cybern. 92: 367-379.
http://repositories.cdlib.org/postprints/999
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Penrose, Umezawa

x

Another promising avenue of exploration is provided by quantum field theory
(Ricciardi and Umezawa, 1967), as distinct from quantum mechanics (Penrose,
2001), which holds at the atomic level but not at the macroscopic or mesoscopic
levels.

Freeman WJ, Vitiello G (2006) Nonlinear brain dynamics as
macroscopic manifestation of underlying many-body field
dynamics. Physics of Life Reviews 3: 93-118.

http://dx.doi.org/10.1016/j.plrev.2006.02.001,
http://repositories.cdlib.org/postprints/1515
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Heidegger, Merleau-Ponty

Phenomenology and the philosophy of intentionality are indispensable for
analysis and modeling brain networks. The theory developed by Heidegger and
adapted to biological systems by Merleau-Ponty has been mapped into
nonlinear brain dynamics by Dreyfus (2007).

      Freeman WJ (1995) Societies of Brains. Mahwah NJ: Lawrence Erlbaum
Assoc.

http://sulcus.berkeley.edu/FreemanWWW/Books/SOB/SocOfBrains.html
Freeman WJ [in review] Intentionality. Entry for Encyclopedia
for Computational Neuroscience, Izhikevich E (ed.).

http://www.scholarpedia.org/article/Intentionality
Freeman WJ [in press] The place of 'codes' in nonlinear
neurodynamics. Invited article: Progress in Brain Research, special
issue on "Computational Neuroscience" Kalaska J, Cisek P, Drew
T (eds.) Amsterdam NL: Elsevier BV.
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John von Neumann

"Brains lack the arithmetic
and logical depth that

characterize our
computations… ."

"We require exquisite
numerical precision over

many logical steps to
achieve what brains

accomplish in very few
short steps."

The Computer and the
Brain, 1958, p. 63.John von Neumann

The phase transition is a promising model for the archetypal "short step"
postulated by von Neumann as an alternative to mathematics, which he
concluded was  "not the language of the brain".

"Thus the outward forms of our mathematics are not
absolutely relevant from the point of view of evaluating what
the mathematical or logical language truly  used by the central
nervous system is. ... It is characterized by less logical and
arithmetical depth than what we are normally used to. ...
Whatever the system is, it cannot fail to differ considerably
from what we consciously and explicitly consider as
mathematics [pp. 81-82]."

Von Neumann J (1958) The Computer and the Brain. New Haven CT: Yale UP.
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Conclusion

Proposition:

These "very few short steps"
are cortical phase transitions.

The tools for describing them are now in
the repertoire of neuroscience.

It is a truism to say that no one understands how brains work. The solution to
the problem of brain function will be stranger than anyone now thinks or can
imagine.

Success in the future of brain research will hinge on the introduction of new
techniques and concepts from other fields, principally chemistry, physics and
mathematics.

We neuroscientists cannot and should not expect mathematicians, physicists and
chemists to solve the problem for us.Their models will not apply directly to
neuropil.

Instead, their solutions to their problems can provide us with the analogies,
metaphors, and "what-if's" that can open for us new avenues of thought.
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