9 Models and Slmulatlons in Brain
Experlments

Patrick Suppes

I begin by discussing the question of how we can observe the activity of the
brain experimentally, and what the problems are of interpreting this activ-
ity. This is only a preliminary discussion to set the scene for the two experi-
ments and simulation discussed later. The first experiment shows how we
can identify the representation of a stimulus in the brain. In simple experi-
ments we can do this with a high degree of success. In the second experi-
ment, [ analyze how we can identify invariance of constituents of language.
To keep the discussion simple, I will only consider the identification of
phonemes. All of the same methods can be used for words or sentences as
larger constituents. In the final part, I consider, at a more general level, a
simulation of some behavioral experiments in terms of what we hope are
promising ideas about how the brain is actually computing in a physical
way. The brain associations are conditioning connections, familiar from
many years of behavioral studies. '
If we accept the broad and essentially correct generalization that, as
far as we know, human brains are among the most complicated objects in
the universe, we can starcely expect to have a simple theory of observa-
tion. There is a long history of study of the anatomy of the brain, and in’
fact already in Principles of Psychology (James 1890), there is an excel-
lent chapter on what had been learned in the 19th century, really the first
century in which the brain was studied in a way that we would consider
modern in a contemporary scientific sense. Not surprisingly, as we examine
the smaller units of the brain, such as neurons, we come to see that neurons
themselves are incredibly complicated, consisting as they do of billions of
atoms organized in a structural hierarchy of chemical and electrical activ
ity. In the past there have been large controversies over whether signalin
via synapses and axons between neurons is mainfy chemical or electrical
In general terms, the conclusion broadly accepted now is that both kind
of signaling occur. In the study of the brain, there is a sharp and impo
tant distinction between cell neuroscience and system neuroscience. In
neuroscience, which has the Jongest and most extensive record of scientifi
results, the concentration, as the name implies, is on the nature of indi
vidual cells or neurons. In contrast, system neuroscience is concerned w
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the organized activity of the brain at the level at which we think cognitively
and act behaviorally. A good example is the production and comprehen-
sion of language. Cognitive perception, quite apart from language, has also
received an enormous amount of attention and study, as have feelings, emo-
tions, and affective responses of pleasure and pain.

There is much study of signaling between neurons, and the subject is
about as complicated as any that one can think of. There has been less
study of how the brain is making computations from a systems standpoint,
but it is these system computations that are particularly relevant to every-
day thinking and talking, as well as to psychological and philosophical
viewpoints towards mental activity.

Moreover, in terms of system activity, the electric and magnetic activ-
ity of brains is much more central than chemical activity. That does
not mean that chemical activity is not important in the background.
For example, there are many reasons to think that language is man-
aged almost entirely in production and comprehension by electromag-
netic, not chemical, activity, but at the same time, the chemical signaling
of neurons undoubtedly plays a part in the permanent storage of both
declarative, episodic and motor memory, in the brain. Moreover, chemi-
cal processes are important even in the observation of the brain by what
are, to some extent, indirect methods in nuclear magnetic resonance. We
think we are observing magnetic resonance activity in nuclear magnetic
resonance, but what we may see are surrogates for that activity: rates of
use of energy, particularly oxygenation processes in the blood. But even
then, fMRI, functional magnetic resonance imaging, is much better for
locating activity in the brain than direct recording of that activity itself.
The two principle methods for observing electromagnetic activity are first
electroencephalography (EEG), which is the method for observing electric
fields in the brain, and MEG, magnetic encephalography, for observing
_magnetic fields. Although I am stating this separation so baldly, this is
“not meant to imply that the ordinary physical conception of the electro-
magnetic field as one unified physical activity is not held to, but rather
that we have, as our ordinary experience with electricity and magnetism,
separate ways of observing electrical phenomena and magnetic phenom-
_ena. There is also some use of positron emission tomography (PET), but I
hall not say anything about PET or fMRI here, because | am interested
‘the kind of experiments that are observing the electromagneétic activity
rectly. For this purpose EEG and MEG have the same excellent time
solution, down to at least the order of a millisecond. Notice this unit of
one millisecond (ms). By modern standards of digital computer processes,
e electromagnetic processes in the brain are mostly pretty slow”and
rtainly cannot hold a candle to the speed of modern supercomputers
-even simple handheld devices such as cell phones. Figure 9.1 shows a
p;cal distribution of what is called, for reasons I will not explain, the
)-20 system of EEG sensors located on the scalp of a person. Of course,
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Figure 9.1 The 10-20 system of EEG sensors.
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Figure 9.2 The EEG recording of one sensor to hearing the spoken word ‘circle’.
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in using a circle, we are distorting the actual shape of heads, for which
computational adjustments are commonly made.

Figure 9.2 shows the recording of a subject listening to the word “cir-
cle.” This is the raw EEG data, so to speak, with time measured in ms on
the horizontal axis, and microvolts on the vertical axis. In a general way,
Figure 9.1 does not look different from a spectrogram of the sound itself.
But, as would be expected, it is much more difficult to find the words in
the brainwaves. I show Figure 2 just to give an idea of the initial data that
we begin with in analyzing, for example, data concerning language in the
brain. The recording I have shown you is for a single sensor; with the equip-
ment we are now using, we have 128 sensors. What we are now seeing is
128 images that resemble this one, each of them, or at least many of them,
containing relevant information about what is being processed as repre-
sentation of some external stimulus. (Of course what is being processed is
not always from an external stimulus; this is a point [ will return to later.)
I turn now to the first experiment, and in this context 1 will also discuss
methods of classifying or recognizing EEG signals in the brain. It needs to
be clearly understood that by speaking of EEG signals, I mean that there is
a brain wave that is a neural response to some presented external stimulus,
for example, a spoken word. It could also be the perception of a picture, of
an object, of a process, or any one of many different things. Our first task,
one | will focus on here primarily, is identifying that brain wave in the brain
that represents that external stimulus.

EXPERIMENT 1: A RED STOP SIGN AND THE -
SPOKEN WORD £GO” AS STIMULI

This experiment was generated by the desire to do our own study of what
is called “brain computer interaction” (BCI). The general aim of BCI stud-
ies of the brain is to develop signals that the brain can generate, first on
the basis of an external stimulus, and second, if things go well, on the
basis of an internal intention to signal, and to be able to recognize those
signals, so they can be used for communication by someone. An example
- would be an Amyotrophic Lateral Sclerosis (ALS) patient, whose peripheral
nervous system is almost entirely frozen, and so the patient is no longer
~able to speak but is able to think and have definite appetites, needs, and
~ the like, that the patient would like to be able to communicate. For BCI
- experiments, one hopes to have a signal generated from the brain that can
be easily recognized. This first step is to show that two stimuli, in our case
one from the visual modality and the other from the auditory deality,
produce EEG brain responses that we can classify with considerable accu-
racy. Notice how trivial this experiment is from a behavior standpoint. We
show a person, on the screen of a computer being used for the experiment,
a drawing of a red stop sign on one randomized trial, and then on other
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such trials the screen may be blank and the person in the experiment hears
the spoken word “Go.” Now this would be too simple and too trivial an
experiment to run if we were only interested in the subject telling us what
he or she had seen or heard. Not so with the brain. We are still at a rather
elementary and primitive state of understanding well its processing. This
experiment and its analysis, as yet unpublished, was a collaborative effort
with Marcos Perreau-Guimaraes, Claudio Carvalhaes, Logan Grosenick,
and Lene Harbott.

There were 11 subjects in the experiment; each one had 1200 trials. |
omit many details of the experiment itself and our methods of analysis.
In fact the choice of method of analysis itself is a large and complicated
question. We begin with a classical statistical method, linear discrimina-
tion classification (LDC), but with the addition of machine-learning meth-
ods I will not describe here (Suppes et al. 2009). As a second analysis, we
add to the LDC the Surface-Laplacian (SL). The SL is composed of spatial
derivatives of the scalp potential and is useful in localizing the EEG signals.
Finally, we can improve matters still further by adding to the LDC and SL
analysis independent component analysis (ICA; Bell and Sejnowski 1995).

I now suminarize in Table 9.1 the results shown for each of the 11 sub-
jects in the experiment. There were three kinds of trials. First,7all 11 sub-
jects were given trials in which they were simply asked to pay attention to
the stimulus presented (STIM), the red stop sign or the spoken word “Go.”
Second, for seven of the subjects, after each such trial they were asked, as
the task of the next trial, to imagine which stimulus had just been presented
(IMAG-SAME). Third, for the remaining four subjects, they were asked to
imagine the opposite of the stimulus just presented (EIMAG-DIFF). In Table
9.1 the percentage of correct classification we achieve for three different
computational models is shown: the direct analysis of the unfiltered data,
the SL, and the SL plus ICA. The statistical measure of significance of each
of the three conditions for each-subject is shown.

This significance measure 1s the probability (p-value) of getting a result
by chance (the null hypothesis): the lower the p-value, the higher the signifi+
cance. The majority are better, i.e., smaller than 0.01, the classical standard:
of significance in experimental psychology. s

In the second column on the left of Table 9.1 is shown the recognitio
rate for the trials on which one of the two stimuli was presented. For exam
ple, for S1, we had a recognition rate of 98.5%. When the same image o
the succeeding trial was imagined by S1, we were able to recognize
imagined image correctly 83.0% of the time. We show the p-value for th
null hypothesis, which is that what was recognized, was recognized justb
chance. In the second group of columns, we show the results of applying th
SL. We get some improvements, as you can see, by comparing the im
ing results for the SL versus the results for the unfiltered data. When we g
on to add ICA, that is, independent component analysis, together with
Laplacian, in the third group of columns, then there is an almost unife
improvement in results. Notice that we did not even show the results for
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Table 9.1 Results for the “Stop-Go™ Experiment

Unfiltered data Surface Laplacian Laplacian+ICA

Subject |STIM| IMAG-SAME |[STIM | IMAG-SAME |STIM| IMAG-SAME
s199.5 [83.0 [<0.0001 |99.3 |81.2 [<0.0001 83.7 |<0.0001

s2 |97.8 [60.3 | 0.0462 [99.7 [57.7 | 0.1225 65.8 | 0.0067

s3 |97.8 |65.5 | 0.0067 |99.2 |66.7 | 0.0031 69.5 | 0.0013

s4 199.7 |67.8 | 0.0031 |99.5 [67.8 | 0.0031 68.7 | 0.0013

ss [96.3 |64.7 | 00137 |97.5 |67.5 | 0.0031 | 69.7 | 0.0013

56 952 |s4.2 | 02595 [96.7 |59.5 | 0.0775 60.2 | 0.0462

57 |97.3 |60.3 | 0.0462 |98.8 [69.8 | 0.0013 71.5 | 0.000S

IMAGE-DIFF | IMAGE-DIFF IMAGE-DIFF

s8 [97.2 |73.2 | 0.0002 |98.2 [76.3 |<0.0001 75.3 |<0.6001

s9 |97.8 |58.2 | 0.1225 [99.3 |60.3 | 0.0462 [60.8 | 0.0462

510 {98.7 |75.2 [<0.0001 |99.3 {79.5 |<0.0001 |  |80.8 |<0.0001
s11 | 97.8 [68.3 | 0.0013 {99.0 |68.7 | 0.0013 |67.8 | 0.0031

Abbreviations in the table: STIM = st‘imulﬁksr,r
imagine the same stimulus of the last trial = IMAG-SAME,
imagine the stimulus different from that of the last trial = IMAG-DIFE.

stimulus after adding ICA, because the results were already so good. The
corresponding results for imaging the opposite of the presented stimulus
are shown in the bottom part of Table 9.1 for Subjects $8—S11. These imag-
ined images are, of course, of great interest conceptually.
The general summary of the results here is that the results of the clas-
-~ sification, in response to an image generated by the two stimuli are as good
as one could expect even for a very strong BCI requirement. As would be
expected, the results for images generated internally by the subject are not
as easy to classify, but many of the results are significant, and in the case
~ of two of the subjects, even quite significant for the hardest task, generat-
ing an image that corresponds to the opposite of the stimulus just seen or
heard. [ am referring here to the results seen for subject S8 of 75.3% and
510 of 80.8% correct. In the long run, these are what are important in
understanding better how the brain imagines images.

EXPERIMENT 2: LANGUAGE AND THE BRAIN

Tdescribe briefly here one of our most detailed and, in many ways, successful
experiments on language in the brain. In a broad sense, I and the members
of the group T work with on such brain research tend to think of ourselves as
cryptologists of brain language. When speech is either produced or listened
to, representations in essentially real time need to take place in the brain,
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and the question is this: Do we look on this as another way of encrypting
language, in our case usually English, and can we as cryptologists decode it?
That is a way of putting it that makes a lot of sense, although the kind of cryp-
tology here is of quite a special kind. One of the things that we would expect
to find, in broad terms, is some kind of structural isomorphism between the
structure of speech as it is heard ordinarily and as it is represented in the
brain. One question might be why should there be a structural isomorphism?
I think that some reflection on the problem makes it pretty obvious that such
an isomorphism is needed to make it easy to understand each other’s speech.
Moreover, there is some reason for thinking that such an isomorphism wil!
have aspects that are tighter than, for example, the translation of English into
Chinese. There are many aspects of spoken and written language that have,
from a broad perspective across languages, different orderings of the princi-
ple constituents of sentences —verbs, nouns, adjectives, adverbs, and so forth
—and in making a translation from one to the other, this order is disturbed.
One of the problems of translating, say, complicated English sentences into
Chinese is how to determine the appropriate word order in Chinese. Well,
there is reason to think that we do not need to worry so much about word
order in the brain representation of a sentence, whether it be in English or in
Chinese. There are many reasons to argue for a roughly real-time one-to-one
correspondence with the sounds and syllables of each particular language. If
word W occurs in English before W' in a sentence, then in most cases [ would
expect this also to be true of the brain representation of that sentence, and
so it goes for other languages. This is also a reason to believe that the preoc-
cupation with translation into first-order logic is not a good route to under-
standing a natural language, because the structure of the syntax of first-order.
logic is so radically different from that of natural languages.

On the other hand, to expect a really mathematically rlgorous struc-
tural isomorphism that we can discover at the present time is probably too..
demanding. Psychologists over the past century and a half have a weaker
substitute that also exists in mathematics. This is a principle notion of simi-
larity. For example, weaker than congruence of triangles in geometry is
similarity. In Euclidean geometry, this means simply eliminating consider-
ations of size and only considering shape. So two Euclidean triangles a
similar if and only if they have the same shape; their sizes may be entire
different. Recognizing that a weaker notion was used, psychologists bega
studying the notion of similarity as a natural psychological notion, esse
tial to the analysis of perception in the 19th century. Such a weaker concept
of similarity, or its companion, dissimilarity, is appropriate for our curren
relatively weak understanding of the representation of brain language.
experimental results presented here are part of a larger study involvir
words as well, but here | show a small introductory piece focused on fc
initial consonants, that is, the four phonemes p, ¢, b, and g. The larger st
of similarity, including the theory of semiorders with thresholds, has|
published in (Suppes et al. 2009).
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Data of Perceptual and Brain Confusion Matrices with Perceptual Data

on the Left for Each Entry and Brain Data on the Right

pl t! b g"rr'
p? 51/36 53/38 2/12 2114
2 64/34 57150 23 113
b? 4/14 3t | evi42 18/13
g? | 310 133 2015 | 2942

Fortunately, we have a beautiful study from the 1950s by George Miller
and a colleague (Miller and Nicely 1955) of these very phonemes, as part
of a larger set studied perceptually. Table 9.2 shows the confusion matrix
for the perceptual data they obtained. The prototypes are shown on the
rows and the responses on the top, so the diagonal gives you a sense of
how successfully each phoneme was perceptually recognized, and the off-
diagonal elements show the extent of confusion. The corresponding brain
data from our experiments, which I will not describe in detail but which
produced exactly the same kind of confusion matrix, are also shown in
Table 9.2.

Notice that in both confusion matrices, p is most often confused with
t (53 times), as evidence of the perceptual (38 times) and brain-datz simi-
larity. The same thing is true of ¢ being confused with p (row 2, 64/34).
Actually in the brain data you may notice that ¢ is a kind of universal
attractor, because in the off-diagonal elements for both # and g, # is the
most frequently selected.

Here are the steps of analyzing these confusion matrices, both for per-
ception and the brain. Note that in coupling these two together, [ am doing
so deliberately, because what I want to compare is the common similarities
between the perteptual and the brain data, the kind of generalized struc-
tural isomorphism we would hope to find, now exemplified by similarity
rather than by some simpler and stronger concept of structuralized isomor-
phism or congruence. So here are the steps of analysis:

1. Normalize each row of a confusion matrix to probabilities summing
to 1. In other words, we have a conditional density thereby for each
row of each of the matrices. To be explicit, these conditional prob-
abilities have the following form:

2. The conditional probability

plo;107) = Prob(Prototype j | Test sample ¢)

= the measure of similarity of prototype j and test sample

For example,
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Pl |1 )=.50
plt'1h)=.03

So, to summarize, the three steps are, we form the conditional prob-
ability densities.

+] - N +| ~
plolo. )20 and X plo’lo. ) =1
it j=1 Al

Then we estimate from confusion matrix.

mjj

~ + —
plojloj Y=<
J 2 jmij

e

And third, the ordinal similarity differences are defined in terms of
inequalities of these similarities.

+ - | o= = -
0jloj > o}-.,lo,-' iff p(oj-'la,- ~)>p(oj..|o,-4)

To continue this development, to move towards a qualititative notion of
similarity or, as we would say in measurement theory, an ordinal sense of
similarity, let R be irreflexive on A. Then R is an interval order on A iff for
every a, b, ¢, and d in A, if aRb and cRd, then aRd or ¢Rb. R is strongly
transitive on A iff for every a, b, ¢, and din A, if aRb and bRc then either
dRc or aRd. R is a semiorder on A iff R is irreflexive, strongly transitive,
and an interval order on A. ,

I note that the algebraic notion of a semiorder corresponds to the con-
cept of threshold introduced in the 19th century in the early psychologi-
cal work of Fechner and others. We can then state a representation for
finite semiorders—meaning that set A is finite—which has the following
simple form: .

Any finite semiorder (A,<) has a numerical representation & with a posi-
tive threshold such that for a and b in A

$@) +0.02 < b (D) iffa < b,

which in our earlier notation reads as follows:

oj|ofzo;f.|o,7 iff p(o}|o,-“)mp(o;f,|o,-7)so.oz

T T F— + =
0) loj > O'I.,I()," lf‘f,p(()j loj )>p(0j,|0," )+0.02
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Table 9.3 Conditional Probability Matrices for Miller-Nicely Perception Experi-
ment and the Brain Experiment, with Perception Probabilities on the
Left and Brain Data on the Right

_ - t_ —— —
p _047/036 | 049/0.38 | 002012 | 0.02/0.14
t 0.52/0.34 0.46/0.50 0.02/0.03 0.01/0.13
b 0.05/0.14 0.02/0.31 | 0.71/0.42 0.21/0.13
g 0.06/0.10 0.02/0.33 0.38/0.15 0.55/0.42

In Table 9.3, we show the conditional probability matrix for the Miller-
Nicely Confusion Matrix. Each row sums to 1, as a discrete probability
density function. The rows are for the four test samples —phonemes on the
left and brain representation of phonemes on the right. The columns on the
left are for the behavioral classification responses and on the right for the
prototypes of the brain representations.

Now we want to mention here that the steps of analysis of the EEG
data, that is, the EEG recordings from which we produce the brain-data
confusion matrix, goes through steps of analysis very similar to what was
discussed for the first experiment, so I will just give a quick overview of
the Fourier analysis used in the present case. To read the full details, I will
refer you to the paper on these experiments (Suppes et al. 2009). In a series
of eight steps:

1. Average over trials: half for prototypes, other half for test samples.
2. Mirror and smooth with a Gaussian function. =
3. Use fast Fourier transforms (FFTs) applied to prototypes and test
samples.
4. Filter the results with a fourth-order Butterworth bandpass filter hav-
ing parameters (L, H).
. Inverse FFT.
. Classify by least-squares criterion, for observations in a given tempo-
ral interval (s, e).
7. Repeat (4)~(6) with new parameters (1/, H', s, ¢') from a set of values
selected on the basis of past experience until the set is exhausted.
8. Select best recognition performance and corresponding parameters.

N Un

Now we can compare the semiorder graphs based upon the qualitative
orderings, as shown in Figure 9.3.

On the left is shown the Miller-Nicely data and on the right brain data
- from a single subject. Of course, completely different subjects were used for
the brain experiment and in the Miller-Nicely one.

Now to get the invariant partial order of similarity between the Miller-
Nicely perceptual data and our brain data, we intersect the two semiorders

to obtain Figure 9.4. “
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Figure 9.3 Miller-Nicely data on the left and brain data on the right.

Figure 9.4 Invariant parttal order that is the intersection of
the perceptual and brain-data semiorders.
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Figure 9.5  Trees derived from the two semiorders,
one perceptual and the other brain data, with the
perceptual (Miller and Nicely 1955) results on the
left and the brain results on the right.
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Figure 9.6 Prototypes and test samples of brain waves of six
names of capitals or countries. '
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Notice three features of this intersection: robust discrimination, both
in perception and in the brain, of unvoiced p versus voiced b; second, the
strong attraction between p and t already noted in the confusion matrices;
and third, the strong similarity for prototypes and test samples for each
phoneme, both in perception and in the brain data.

In Figure 9.5, we show the trees that we can construct from the semiorders
for the Miller-Nicely experiment and for our brain experiment, with the Mill-
er-Nicely data shown on the left and our brain data shown on the right.

This is for the same subject mentioned earlier, as far as the brain data are
concerned. Notice that the brain representation has more expected simi-
larities than does the perceptual representation. I will not describe the con-
struction of these trees from the semiorders; the details of this are spelled
out in the paper on this experiment already referred to.

Just to give you a sense of the other part of this large experiment, I show
in Figure 9.6 an analysis of prototypes and test samples for six of the nouns
that were used, in sentences such as “Berlin is the capital of Germany” or
“Moscow is North of London.” The prototypes are in the solid black, and
the thin black lines are the average test samples. Agreement is good but
could certainly be better. Ideally we would like it so.

EXPERIMENT 3: SIMULATION OF STIMULUS-RESPONSE
MODELS BY WEAKLY-COUPLED PHASE OSCILLATORS

The simulation I discuss is a detailed, rather technical piece of work with
two physicists, José Acacio de Barros and Gary Oas. The basic idea is simple.
and easy to state. Among behavioral theories of learning and performance,
stimulus-response theory (SR) is notable for the simplicity and formal clar-
ity of its concepts, especially as developed by William K. Estes and his col-
laborators, beginning with a seminal paper by (Estes 1950).

The formal clarity of the basic concepts of stimulus sampling, responses,
reinforcement of responses, and conditioning of responses to stimuli per-
mit mathematically rigorous derivations of response probabilities for a
great variety of experiments. For axiomatic analysis of the foundations,
see (Estes and Suppes 1959a, 1959b), and a reduced version of the latter in
(Estes and Suppes 1974), and for a rather recent review of many associated
foundational topics, {Suppes 2002, Chapter 8). For a good survey of the
experimental range of SR theory, see (Neimark and Estes 1967).

‘Both the strength and the weakness of SR theory depend on the abstract:'
ness of its concepts, as can be seen in the following informal statement of
the basic axioms.

Response Axioms

e If the sampled stimulus is conditioned to some response, then that
response is made. .

Py
v
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* [fthe sampled stimulus is not conditioned to any response, then the prob-
ability of any response is a constant guessing probability that is indepen-
dent of the trial number and of any preceding pattern of events.

Condittoning and Reinforcement Axioms

¢ On every trial each stimulus is conditioned to at most one response.

¢ The probability is ¢ of any sampled stimulus becoming conditioned
to the reinforced response if it is not already so conditioned, and this
probability is independent of the particular response, trial number, or
any preceding pattern of events.

¢ The conditioning of all stimuli remains the same if no response is rein-
forced, and the conditioning of unsampled stimuli does not change.

The intuitive content of each axiom seems simple and understandable at some
general intuitive level. Such general explanations have an ancient pedigree.

Since Plato and Aristotle, philosophers have puzzled over these ideas,
one of the better developments being Aristotle’s theory of sensible and intel-
ligible forms developed in De Anima, and elaborated further in the Arabic
and Latin Commentaries for well more than 1000 years—Aquinas’ famous
commentary was written about 1500 years later. The structural isomor-
phism implicit in these ideas is underdeveloped in modern cognitive science
but is a natural topic to consider in thinking about how the brain works.
Here the metaphors of traditional philosophy of perception are not very
helpful. For example, the idea of there being something simple like direct
perception seems naive when confronted by the known complexities of pro-
cessing a perception of any one of the five senses.

Before turning to the brain, a different but equally enlightening perspective
on SR theory can be found in the theory of computation. It is a fundamental
insight of the 20th century that the general theory of computation can be based
on remarkably,simple devices. This was above all the fundamental discovery
of Alan Turing. Following in this tradition, in (Suppes 1969), I proved such
a theorem on computation for SR theory by showing that for finite automata
structurally isomorphic SR modéls can be constructed, and I extended this
ir. {Suppes 2002, Chapter 8) to universal register machines whose computa-
tional power is equivalent to that of universal Turing machines.

Still, from a neuroscience perspective, these computational results are,
like Aristotle’s concept of intelligible form, or SR theory’s concepts of
response and reinforcement, also too abstract. The theorems do not show
what particular isomorphic structures are physically realized in the brain.

* The theorems do show how simple the fundamental process can be in uni-
versal Turing machines, such a register machine, or also generalizations
of conditioning to associative learning models or networks, but when left
at this level of abstraction, they are no closer to actual brain activity than
Aristotle’s cognitive theory. '
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Before turning to the brain, there is one other comment that should be
made about SR theory. The physical description of responses and reinforce-
ments is totally omitted in the theory, but the experimental practice has
been to select responses and reinforcements that have easily recognizable,
although rather general, ordinary physical descriptions that require no use
of physics. In this discussion so far, I have omitted the concept of stimu-
lus. In many if not all of the experimental applications of SR theory, the
stimuli are not observable. Moreover, as the theory is ordinarily spelled
out in detail, simplifying statistical assumptions are made so that only the
number of stimuli presented in an experiment, or sampled on a given trial,
“is relevant computationally, not, the actual stimuli themselves. But, it is not
necessary to develop these ideas here. What is important is to recognize
that in general in SR theory there is a difference in the assumed observabil-

Py

ity of a response, as compared to a stimulus. ‘

Fortunately, there are now many ways of trying to build more physically
concrete simulations of how the brain computes. Or, put in more general,
but for me, essentially equivalent terms, how the brain works. The broad
answer seems to be that oscillations of many kinds are found in the brain,
and in many other biological structures. From oscillations to oscillators as
mechanisms for producing them is a natural step. It is then the synchroni-
zation of oscillators that, in this physical model, corresponds to the state of
conditioning in SR theory or association, in the more general framework of
associative learning.

But with physical embodiment, especially in the brain images of stimuli
and responses, many details obviously need to be spelled out. For example,
how is conditioning represented in the brain? As already remarked, in SR
theory there is a clear behavioral difference between the direct observation
of responses and reinforcements as the most obvious observables, on the
one hand, and the conditioning parameter ¢, on the other. Clearly, this
parameter is in no sense directly observable. So, even if we expect to find
brain images of some kind of responses and reinforcements, we certainly
have no such direct expectation about finding anything like a brain image -
of the conditioning parameter ¢, which is, I emphasize, by“far the most:
important parameter of SR theory in the formulation given above. The
pomt is that we do not expect to find a direct representation of this param-
eter in the brain. Yet, we need to include it in some essential way in the
oscillator model, which we do with a mathematical equation written in
terms of oscillator parameters. '

The simulation of SR theory set up by de Barros, Oas, and me made the
physics explicit, including the effort to give biologically based estimates
of the many physical parameters that must be given values for simula
tion computations. In this simulation, each stimulus is represented by an
oscillator, as is each response and reinforcement. Oscillators general
have three parameters, a fundamental frequency w, a phase ¢, and
amplitude A. Synchronization of oscillators can occur by resonance ar
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thus transfer of energy, as in the case of marching soldiers on a bridge
leading to its collapse. For purposes of brain computations, we consider
only phase synchronization of oscillators and ignore amplitude. So the
simulation uses weakly coupled phase oscillators. The weak coupling
constants are the learning mechanisms needed for oscillators to become
synchronized. In the simulator all these matters are described mathemati-
cally by the kind of differential equations familiar in physics. I emphasize
that equations describing all the important details of real biological oscil-
lators are still not feasible or are very difficult. But the intuitive physical
ideas of a qualitative kind are more robust. We can all understand oscil-
lators. Their synchronization is involved in an endless variety of biologi-
cal phenomena from the synchronized chirping of thousands of crickets
to the circadian rhythms of sleep and wakefulness characteristic of most
mammals, including humans. Our simple, rather artificial simulation of
SR theory is just meant to show how we can think about brain computa-
tions in a concrete, physical way.

In the N-stimulus oscillator model, restricted to two responses, each
sampled stimulus is represented by one oscillator s, (j=1, . .. ,N), the two
possible responses by oscillators r, and r,, and remforcements of r,and r,
by oscillators ¢, and e, (to avoid confus:on, whenever possible we thI use
lowercase Ietters for oscillators, e.g., response oscillator r,, and uppercase
for SR concepts, e.g., response R)). At the beginning of an experiment, we
assume all the oscillators mentioned are connected by at least weak random
couplings. When a stimulus §_ is sampled with probability 1/N, we assume
its corresponding phase oscillator s, activates, i.e., the neurons of this oscil-
lator start to fire synchronously. This activation is tollowed by the spreading
of activation to the two response oscillators. After any given time interval,
the dynamics leads to changes in the phase relations between the stimulus
and the response oscillators. Depending on the couplings, the stimulus and
response oscillators may phase lock with fixed phase relations. Two oscil-
lators are phase locked if they keep a constant phase relation between each
other. In this way, depending on the couplings, after a finite amount of
time one response may become in phase with the stimulus while the other
dephases. Shortly after a response, during reinforcement, we assume that
a neural oscillator representing the reinforcement disrupts the dynamics
of the stimulus and response oscillators, forcing them to phase lock to the
reinforcement oscillator with a phase difference of up to n and to change
their couplings accordingly. The new reinforced couplings may result in
‘a dynamics that yields new phase relationships between oscillators, thus
changing the response to a stimulus. This sequence of neural events closely
follows the sequence of behavioral events.

We now turn to the mathematical description of these qualitative ideas.
We assume that stimulus and response neural oscillators have the same natu-
ral frequency w, such that their phases are ¢f t ) = w,? + constant, when
“they are not mteractmg with other oscillators. We also assume that they are
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weakly coupled to each other with symmetric couplings. The assumption of
coupling between response oscillators is a detailed feature that has no direct
correspondence in the SR model. Let z_ be the time at which the stimulus
osciliator s. is activated on trial # and At the mean amount of time it takes
for a response oscillator to phase lock. T he assumption of the same frequency
for stimulus and response oscillators is not necessary, as oscillators with dif-
ferent natural frequency can entrain (Kuramoto 1984), but it simplifies our
analysis, as we focus on phase locking. In a real biological system, however,
we should expect different neural oscillators to have different frequencies.
At the beginning of a trial, a stimulus is sampled, and once its correspond-
ing oscillator, s, along with r, and r,, are activated, the phase of each oscil-
lator resets accordlng to a normal distribution centered on zero. After the
stimulus is sampled, the three active oscillators evolve for the time interval Az,
according to the following set of differential equations, known as the Kura-
moto equations (Hoppensteadt and Izhikevich 1996; Kuramoto 1984).

s, _ _ . ’ — ! 1 -
di = 0 kx}_rl sm ((p.\‘} (pr! )' k-“:’z Sin ((p"',: (p"Z )

P, . L : : ‘
dtl, o (DQ —k.\‘,f.Ii sln ((prl —(P.‘,i’ )—*krr'n_’ sin ((p"l "(prz )J

do

. N ‘ )
" =0,k , sm(rp,.l f/’_\_}}kwz sm(fp,z e, )

where ¢_.¢,, and ¢, are their phases, w,their natural frequency, and
k k\ r 'k] are the 2N +1 couphng strengths between oscillators
Elaboration of further details is beyond the scope of this general account
of this simulation, and can be found in (Suppes et al., forthcoming). The
next important step to.take is to introduce further differential equations
to describe the change of the coupling strengths under reinforcement —the
principal method of learning in this model. Numerical solutions of the
equations are then computed to compare with behavioral data=The quanti-
tative results, which I do not present here, are encouraging if not perfect.

\l"“

CONCLUDING SPECULATION

In the current primitive state of our understanding of how language operates
in the brain, the variety of experiments that may be relevant to advancing
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our understanding is very large. The first two experiments described above
show some of the possibilities, but their limitations in terms of providing
a general approach are evident. If we think of ourselves as cryptologists of
the brain trying to decode the brain representation of language, we are just
at the beginning of making serious progress. The simulation that consti-
 tutes the third example approaches the problem of how the brain works at
a more general level. But if the oscillator representation of SR theory can be
brought to a more finished stage, earlier results on language computation
in SR theory, for example, (Suppes 1969a,b), could provide direct access to
language computation in the brain. I do want to emphasize, however, that
we do have some distance to go to reach such a goal.

Neuroscientists of this century will not be content until they understand
thoroughly how the human brain physically produces and comprehends
language. Each hour of every day, billions of words are being spokenand
understood with little difficulty. Yet these speakers and their listeners can
be found in remarkably different physical environments, from quiet rooms
to shouting marketplaces. That speech can be understood so well and so
easily in such a robust variety of physical circumstances is scientifically
important and justifies optimism about the possibility of our coming to a
deep understanding of the processes of production and comprehension.

The great robustness of the parameters of speech to noise and many
other kinds of physical interference strongly suggests we will find a robust
solution, even if the details turn out to be awesomely complex. For exam-
ple, we may be able to model the various stages of processing spoken lan-
guage from the cochlea to the cortex using a variety of neural networks that
depend on so many physical parameters that an intuitive understanding of
exactly how they work will not be possible. As a wartime meteorologist of
many years past, I ind the resemblance between the physical complexity of
the brain and the world’s weather system a cautionary warning. Like the
weather, the brain, too, may be a physical system we come to understand
much about. But the possibility of having a detailed microscopic grasp
is blocked by the kind of chaos seen in the highly simplified convection
model of the atmosphere (see Lorenz equations 1963), which describe a
three-parameter family of three ordinary differential equations. The subtle
nature of these equations is thoroughly explored in (Sparrow 1982). It is
not unteasonable to think that the physical theory of how spoken language
moves through the various stages of the auditory system on to the auditory
nerve fibers, and finally reaching the cortex, is not any less complicated
than the weather. '
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