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Abstract

Autistic people are unusually sensitive to the unusual. Futhermore, their own be-
havior lacks spontaneous outliers. Autistic people stick b strict routines and their
speech is at and monotonous, or alternatively their behavior and speech igoo vari-
able but still lacks outliers. This absence may be what givegise to an impression
of \oddness". In this paper, a model of sensitivity to outliers in terms of the alpha-
stable family of distributions is developed. In particular the Gaussian distribution,
which is sensitive to outliers, is contrasted with the Caucly distribution, which is
not. This is used to conjecture the origins of sensory hypesensitivities, hearing im-
pairments in noisy environments, pedanticism, di culty un derstanding metaphors,
\weak central coherence", unusual interests, impairmentsin understanding emo-
tional cues, and communicative de cits. A simple random wak model of behavior
is also developed, with autistic people characterized by ambsence of spontaneous
outlier steps.
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(cognitive process)
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1 Introduction

This paper proposes the theory that autism is the result of aessitivity to
outliers. Autistic people are unusually sensitive to the wmsual, and are either
unduly fascinated or distressed by it. Furthermore, their wn behavior lacks
spontaneous outliers. Autistic people stick to strict rounes and their speech is
at and monotonous, or alternatively their behavior and spech istoo variable
but still lacks outliers. A mathematical de nition of this sensitivity to outliers
will allow the consequences of this theory to be elaboratedgzisely.
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The Gaussian distribution is an example of a probability disibution that is
sensitive to outliers. The Gaussian distribution is used f@a very wide range of
applications, its use being justi ed by the Central Limit Theorem. This states
that the sum of a set of independent identically distributedrandom variables
of nite variance will always tend to the Gaussian distribuion as the number
of variables added together goes to in nity.

The problems with Gaussian statistics are well known. A sig outlier may
skew estimates of the mean and standard deviation by an arkarily large
amount, so that a few outliers can completely alter a result.

There exists a generalization of the Central Limit Theorengalled the General-
ized Central Limit Theorem. This states that the sum of a set bindependent
identically distributed random variables will always tendto a distribution
in the levy alpha-stable family of distributions as the nunber of variables
added together goes to in nity. The Levy alpha-stable famiy of distributions
includes the Gaussian distribution, but also includes mom@bust distributions
with heavier tails and non- nite variance. Use of this fami of distributions
has in the past been limited by their mathematical complexy, and the lack
of closed-form expressions for all but a few members of thaeriidy. With the
availability of increased computing power, these distribiions are increasing
in popularity (see e.g. Nikias and Shao, 1995).

In this paper, discussion will be limited to the symmetric glha-stable distri-
butions (there also exist skewed alpha-stable distributics, with one tail larger
than the other). The symmetric alpha-stable distributionsform a spectrum of
distributions parameterized by the \characteristic expoent”, , which can
range from 0O to 2.

The = 2 distribution is the Gaussian distribution. The = 1 distribution
is the Cauchy distribution. These are the only known closefbrm symmetric
alpha-stable distributions. Under the usual parameterizeon of alpha-stable
distributions, the \standard form" of the Gaussian distribution is (Nikias and
Shao, 1995, p.32):

1 2=
F=e xo=4 (1)

and the standard form of the Cauchy distribution is:

1 1
1+ x2
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Standard form distributions may be shifted and scaled in ot to t data. The
scale parameter is called the \dispersion"”, denoted. The location parameter
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Fig. 1. Symmetric alpha-stable distributions for 1 2.

is denoted . and are analogous to the mean and standard deviation of
the Gaussian distribution respectively. If X) is a standard form distribution,
then its scaled and shifted version is:

s X

3)

Consider the problem of tting a distribution to a sequence bobservations,
that is, estimating and . Fitting a Gaussian distribution to Gaussian data,
or a Cauchy distribution to Cauchy data will cause no problem Further-
more, tting a Cauchy distribution to Gaussian data causes a problems: the
estimate may converge fractionally slower because the Caycdistribution
doesn't give proper weight to extreme values, but will convge. However, at-
tempting to t a Gaussian distribution to a Cauchy noise souce fails. As more
and more data points are considered, the estimated standadgviation tends
to in nity, and the estimated mean does not converge to any Bsgle value.

Distributions with lower values of have progressively heavier tails. With the
exception of the Gaussian distribution, the tails of alphastable distributions
fall o algebraically, as x . The tails of the Gaussian distribution fall o
extremely rapidly, ase **. Standard form symmetric alpha-stable distributions
for ranging between 1 and 2 are shown in Figure 1.

It is theorized in this paper that autistic people model the wrld using alpha-
stable distributions with high values of , whereas normal people model the
world with alpha-stable distributions having lower valuesof . The Gaus-
sian distribution represents the extreme end of the autisti spectrum. The
Cauchy distribution will be used to represent normality. Cenparison of these
two known closed-form symmetric alpha-stable distributios will be used to



Cauchy random noise

Fig. 2. Cauchy random noise.

attempt to explain the various features of autism.

2 Sensory hyper-sensitivity

Autistic people commonly report unusually high sensitivig to certain stimuli
(O'Neill and Jones, 1997; Jones et al., 2003). This sensorypler-sensitivity
will be discussed rst, as it is the most direct application bthe theory.

Suppose that a person models the world using a Gaussian distition. Such
a person will overestimate the intensity of a stream of sen#an containing
outliers, as such outliers will excessively in ate a Gaussn estimate of its
overall magnitude (i.e. the standard deviation). Example®f such sensations
are crackling noises (\impulsive noise", as in Figure 2) anithe feel of a prickly
material on skin. Abrupt once-o noises such as balloons ppmg|outliers

of loudness in the current aural environment|will also be unduly startling.
Noises that are unusually loud as compared too all other neis a person has
have encountered will also cause excessive distress.

Consider this description by the mother of an autistic child(Kanner, 1943,
p.235):

He had many fears, almost always connected with mechanicadise (meat
grinders, vacuum cleaners, street cars, trains, etc.). Uslly he winds up
with an obsessed interest in the things he was afraid of. Nove his afraid of
the shrillness of a dog's barking.

Mechanical sounds are often impulsive (clanking, clatterg, etc). Vacuum
cleaners do not produce impulsive type noise, but are unudlyaloud overall.



Simulated mixture of Cauchy noise sources Simulated mixture of Gaussian noise sources

Pressure on left microphone
Pressure on left microphone

Pressure on right microphone Pressure on right microphone

(a) (b)
Fig. 3. Examples of the blind source separation problem (sd&er plots).

A dog's bark is generally an outlier of loudness in the auralngironment it
occurs in.

Attwood (1998) describes sensitivity to three types of souh The rst type is
abrupt sounds such as a dog barking, a phone ringing, or a lwadh popping.
Sensitivity to such sounds is as expected by the present thgoThe second
type is high-pitched continuous sounds such as those prouak by electric
motors. This second class is more puzzling, it might be thablild sounds of
high pitch are simply unusual. The third type is complex or mitiple sounds
such as might be heard at a social gathering. This third type Wbe discussed
in the next section.

To compensate for their sensitivity to outliers, an autistt person might de-
crease their overall sensitivity. That is, their expectatin of the intensities of
sensation they may encounter will be excessively high. Thttsey may show a
greater tolerance than normal for sensations that do not ctain outliers.

A recent review of investigations into sensory dysfunctiofRogers and Ozono ,

2005) does not list any systematic investigation of di ereces in response to
sensations (such as sounds) having di erent characteristexponent, or simi-

lar. This is something that may be worthwhile investigating

3 Hearing de cits

Autistic people frequently show di culty understanding speech where mul-
tiple people are talking at once (Attwood, 1998, p.83). In ghal processing,
disentangling multiple sound sources is known as the blinadgrce separation
problem (or more generally \Independent Components Analys').



For example, one might wish disentangle two sound sourcesen input from
two microphones. As shown in Figure 3, it is easy to determirthe two sources
if pressure waves from those sources follow a Cauchy distriion, but impos-
sible if pressure waves follow a Gaussian distribution. Silarly, an attempt to
separate sounds (assuming those sounds have 2) using a Cauchy model
will succeed where a Gaussian model will fail and a model witiigh ~ will have
di culty. A suitable algorithm for separation of alpha-sta ble noise sources is
described by Sahmoudi et al. (2005).

This is analogous to a person disentangling sound sourcesdomparing what
they are hearing in their left and right ears. It should be nad that in practice
a person has more than two channels e ectively available tthém, as they can
decompose what they are hearing into frequency bands, andncalso make
use of the slight time di erence between a sound reaching éaear. However
the di culty remains even where more channels are available

4 Classi cation

Let us now consider the e ects of a sensitivity to outliers omigher-level cog-
nitive functions. One important way people make sense of theorld is by
classi cation. A classi cation may be represented mathematically as a \mi
ture model". As will be seen, modifying the underlying problility distribution
used to represent classes in such models can lead to quiteedent ways of
classifying events and objects.

Suppose we have a set of observatiors: ::x; of events or objects, each ob-
servation being a vector of real-valued properties;; : : : X;.m . FOr example:

Observations of faces and associated emotions: the positiof the edges
of the mouth, the amount of creasing around the eyes, the ptisn of the
eyebrows, and so on, plus how happy, angry, sad, etc. the pmrss.
Observations of various properties of an object, and propers of a word
associated with that object.

From this set of observations, we may wish to predict a currdly unknown
property of a thing given known properties of that thing. Ths may aid, for
example, in:

Understanding emotional cues: given a person's facial eegsion, what emo-
tions are they experiencing?

Language production: given the properties of this object, wat word should

| use to describe it?

Language understanding: given the name of an object, what qperties



should | expect it to have?

One way to achieve this would be to split the observations intclasses. Each
class would have a certain center point; (1 i n) and a certain amount of
spread about that center in each dimension, speci ed by a poability density
function f;; (for simplicity, the possibility that properties may be corelated
within a class will be ignored). From this we may calculate ta probability
density function of each class:

m
Fi(y) = fi (v uy) (4)

i=1

Given an overall likelihood of each class occurring, the probability density
functions of each class may be added together to give an ouer@obability
density function:

X
Fiy)=  pFi(y) (5)

i=1

This is called a mixture model.

From this, we may calculate the likelihood that a given pointy belongs to a
certain class:

piFi(y)
F(y)

P(y 2 Classi) = (6)

If only some of the properties of the observation are knownnly those dimen-
sions would be used in these calculations. Once it has beenetimined which
classes the present observation might be a member of, thesdasses can be
used to predict the unknown properties of that observatiort.

The next two sections will discuss how the properties of a ntiwve model
change if a di erent underlying distribution is used.

4.1 Two classes, one property

Let us rst consider the case of two classes being used to ddég observa-
tions with a single observed property1if = 2; m = 1). Examples of this case

1 A possible simpli cation to this model would be to omit the aggregation of obser-
vations into classes, and to instead say that each individuhobservation represents
the center point of a \class", each class having the same sizand shape of distribu-
tion about its center. Such a model would be more like memory han classi cation.



Cauchy class density functions Gaussian class density functions

+++ Class 1 +++ Class 1
= - Class 2 = - Class 2

(a) (b)
Fig. 4. Mixture models with two classes of equal size.

are shown in Figure 4. These simple examples already show § kieerence
between classi cation in the Cauchy and Gaussian cases. Wh&aussian dis-
tributions are used, the class relative likelihood curvesilow a sigma curve?
Such curves are well suited to binary, if-then, style type esoning. Outlier
data is very strongly assigned to one or the other of the class When Cauchy
distributions are used, however, outlier observations aneot so strongly as-
signed to one or the other of the classes. The strongest assignt occurs
near the center point of each of the classes. This is a commsgnse approach
to classi cation: if something is unlike anything you have sen before, it is
best to keep an open mind about it.

Common sense is a trait that autistic people lack. They do notealize that
the usual rules may not apply in unusual situations. This isansistent with
the use of a Gaussian classi er.

A teacher writes of students with Asperger syndrome (Gill, @03, p.198):

They cannot take into account extenuating or changing ciraaustances. A
rule is a rule, no matter what! They operate in black-and-wle terms,
whereas we are so often in the gray.

On the other hand, this autistic tendency to strong classi ation will aid in

rote memory skills. If only one class is relevant, other class will not interfere
with recall of the properties of that class. A class here walibe a memorized
fact, or perhaps a link in a chain that can be recalled sequeally. (Such a
sequence may also drive the enactment of a xed routine, wheeat every step
in the routine there is only one possible next step.) This dkiwould only be

2 This curve is in fact the logistic function commonly used in Arti cial Neural
Networks.



Random points with independant Cauchy Random points with independant Gaussian
distribution in the x and y dimensions distribution in the x and y dimensions
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Fig. 5. Random points sampled from (a) a Cauchy based classpj a Gaussian based
class.

present if the person tends to use classes that do not overlapa large degree
(have small dispersion).

4.2 Many classes, many properties

Let us now consider the two-dimensional case (and higher démsional cases
in general). If we maintain the condition that properties ofa class are not
correlated with one another? then Cauchy distributed classes take on a cross
shape, while Gaussian classes are circular or ellipticaligiare 5). As before,
the Cauchy classes have very much heavier tails than the Gaien classes.

These di erences combine to give very di erent judgments dhe relative likeli-
hoods of di erent points belonging to each of a set of class@sis is illustrated
in Figure 6. As in the one dimensional case, the Gaussian desr has far less
areas of ambiguity, where multiple classes may be relevarfithis is especially
the case for outlier observations. In the Gaussian case aatk are assigned
very strongly to their nearest class, whereas in the Cauchyase the further
out one goes the less strongly a point will be assigned to a spe class. A
consequence of such a lack of ambiguity would be pedantic uwddanguage.

However a further di erence is present in the two dimensionaase that was
not present in the one dimensional case. This derives fromeltross shape of
the Cauchy classes (Figure 5a), the e ect of which can be seenFigure 6a.
A normal person, using Cauchy classes, will be able to see aralgy to an

3 If this does not hold, it may be possible to linearly re-paraneterize the observa-
tion space so that it does. This is always possible in the Gawsan case, but only
sometimes possible in other cases.
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auchy class relative likelihoods Gaussian class relative likelihoods
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Fig. 6. Relative likelihood of each point in a space of possike observations belonging
to each of a set of classes. The thickness of each circular gje at each point indicates
the likelihood of that point belonging to the class at the certer of the ripple.

existing class even if there is a large mismatch in one of thanameters. An
autistic person will not, requiring all parameters to matchreasonably well
before assigning an observation to a class.

This di erence provides an explanation of the often noted dtulty autistic
people have with metaphors and spontaneous pretend play. rFexample, a
toy car is similar to a real car in many respects, but di ers geatly in size. A
normal child would see the similarities, and suppose the tdg be an instance
of class \car". An autistic child would see it simply as an unsually shaped
object. Similarly, a normal child might initially confuse adoll with a real
person but an autistic child would not.

This di erence becomes particularly important in the case focontextual prop-
erties, properties not of an object itself but the kinds of &iations in which

it may occur. For example, realizing that one sees a certairdcher only at
school and not elsewhere provides a small amount of extraanmation with
which to recognize that teacher. However, it may be the cashat oneusually
sees the teacher at school butometimessees them elsewhere. A Gaussian
based model may make one of two types of error in this situatio

Set the dispersion of the distribution too low for the contetual property
and thus fail to generalizethe class to other situations where it would be
appropriate.

Set the dispersion too high for the contextual property andhus ignore
contextual clues

Consider also classi cation where spatial or temporal lotan is included in
the properties of an object or event, such that nearby objestor events are

10



grouped together. Cauchy classi cation groupings will havfuzzy spatiotem-
poral boundaries, whereas in the Gaussian case the groupwgl be quite

sharp edged. This will a ect what other objects or events areonsidered rel-
evant when predicting unknown properties of an object or emé Again the

autistic use of context will be di erent to normal.

\James", an autistic author on the internet, writes (Jones €al., 2003):

Most people have a mind like a ashlight, with an area of highdcus, and a
larger area of partial awareness; my mind is more like a laspointer, that
highlights only a single small dot.

These contextual considerations are highly reminiscent the \weak central
coherence” theory of autism (Frith and Happe, 1994).

5 Specialized interests

One of the key features of autism is an odd pattern of interestSuch interests
tend to be both unusual in their choice of subject matter and fosustained
unusual intensity. How might this be explained?

Consider the problem of adjusting an existing mixture modeio account for
some new data points. If the data points are su ciently surpising then it
may be necessary to create a whole new class to accommodatarthEven if
a new class is not required, the new data points may require jadtment of
certain model parameters in order to be assimilated|such d&a points might
be called \in uential”. It seems reasonable to suppose thaa person will seek
out and pay special attention to in uential observations (ge e.g. Relevance
Theory, Wilson and Sperber, 2004).

Let us use the information content of a data point given the auent mixture
model as a measure of the surprise it causes. The informatioantent of an
event is the negative logarithm of its probability, given tle current model
(Shannon, 1948). Thus, the less likely an event, the more armation content
it has, and the more surprising it is. Let us further de ne thein uence of a
data point to be the derivative of the surprise. These de nibns allow us to
say that the most likely (Maximum Likelihood) model is the malel for which
the total surprise caused by the known data is minimized. Ats for each class
center point in this Maximum Likelihood model the total of the in uence on
each property will be zero?

4 There may be local minima, maxima, and saddle points for whib this is true
also, and this also does not take into account estimation of ie dispersion of the
distributions.

11
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Fig. 7. (a) surprise curves, (b) in uence curves.

The information and the in uence functions for the standardGaussian distri-
bution are:

I(X) = X742+ log(2” ) 7)
19qx) = %x (8)

Note that minimizing the information in a Gaussian model is quivalent to
nding a least squares t.°

The information and in uence functions of the standard Cauley distribution
are:

I(x) =log(1 + x?)+log 9)
2X
19x) = 1132 (10)

Both surprise and in uence di er markedly between the Gausan and Cauchy
distributions, as illustrated in Figure 7. Normal people wi be surprised by
outliers, but not intensely so, and will actually be in uened less by outliers
than by data points that di er only a little from expectedla ¢ ommon-sense

5 Thus the many machine-learning algorithms that use a least quares criterion
might be considered \autistic" under the present theory. This applies also to gradient
descent algorithms that update model parameters using a liear in uence function,
such as certain Arti cial Neural Network training algorith ms.
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attitude. Autistic people remain both intensely surprisedand intensely in u-
enced by outliers. Therefore their focus of interest will ben the unusual.

This still leaves the question of why autistic people tend tespecialize on
one particular unusual topic. One reason for this, as will bargued in the

next section, may be that autistic people will not explore czasional areas far
outside their focus of interest as normal people would. Thukeir interests

may widen only very gradually over time.

Another reason might be that if all but a few observations of@ne class of
occurrence could be explained by a class with low dispersi@n autistic per-
son might be driven to try to nd some explanation for those otliers. One
might say that a few surprising observationgalsify an otherwise good theory.
If the outliers can be explained, the bulk of observations Wialso be massively
better explained. An autistic child might then act like a little scientist, seeking
an explanation for those outliers. Such an explanation miglnvolve the cre-
ation of a new class with distinct properties, or a re-paranterization of the
observation space. Such an explanation would be far less fus¢o a normal
person with Cauchy surprise curves.

To summarize, the odd interests of autistic people may be egmned by an
initial tendency to be interested in outliers, a de cit of exloratory behavior,
and possibly a drive to nd an explanation for outliers within a subject of
interest.

6 De cits of exploratory behavior

Lawson (2003, p.183) writes:

Transition is an amazing part of everyday life. It is so commothat most

individuals seem to hardly notice it. ... Transition and autsm are like en-
emies. They are foreign to one another because they reprdsepposing

abilities. Transition says \it's time to move on," and it assumes that one is
ready, able, and willing. Autism says \l have to stay here bewse here is
all I know."

It is proposed that a random walk is a reasonable though singlimodel of
exploratory behavior. This walk might be through a physicakpace, a space
of possible solutions to some problem, or a space of possiole of attention.

If one adds a concept of terrain, such that the person is moridly to walk

downhill than uphill, or in a possibility space will rarely take a step into an
unlikely or uninteresting area, one has the Metropolis-Hésgs algorithm for

13



(a) (b)
Fig. 8. Examples of random walks. Each walk contains 30 steps

correctly sampling from a probability distribution (see Rdert and Casella,
2004). A variant of this algorithm, Simulated Annealing, dows the location
of the global minimum of a function that contains local minina.

Suppose that a person takes Gaussian distributed steps. Sorexamples of
the random walks that might rgsult are shown in Figure 8b. In gneral, the
area explored only increases ast over time. Contrast this with the random

walks that result from Cauchy distributed steps, examplesfavhich are shown
in Figure 8a. The Cauchy case is characterized by spans ofatele inaction

punctuated by abrupt transitions. These abrupt transitiors are absent in the
Gaussian case. In general, a Cauchy random walk covers anaattgat expands
linearly over time (see Mandelbrot, 1983, p.368). Thus thisiodel would seem
to predict that a normal person will explore a space of possiities more

quickly than would an autistic person. An autistic person wold be more
perseverative

In an autistic person, a symptom of such a de cit of exploratn would be
slowness in generalizing a speci ¢ successful strategy.rfRer, attempts to

force large changes may cause distress, as the person wiligas such large
changes very little likelihood of success.

Courchesne (Courchesne et al., 1994) presents an argumemtta di culty
in changing the focus of attention can be used to explain di alties autistic
people have in shared attention. They are unable to keep up twithe large
leaps of attention normal people make in the course of normateraction. This
may also derail autistic children from the normal social delopment track.

Alternatively, an autistic person might compensate by makig larger though

still Gaussian distributed steps (Figure 9). The price of sth a choice would
be an inability to make ne adjustments. A person who took ths route might

14



Fig. 9. Gaussian random walk with larger step size. While coering the same ground
as the Cauchy random walk, there are no abrupt leaps in these alks.

be clumsy, or might have di culty xing their attention on a s ingle topic. In
social terms, the person would be unable to maintain their éms on the same
object as the person they are interacting with, again makingocial interaction
di cult.

Both of these alternatives may be seen in the one child under etent cir-
cumstances. Asperger (1944, p.60) writes of Ernst:

He was “very precise': certain things always had to be in thamme place,
and certain events always had to happen in the same manner, loe would
make a big scene. There was an interesting contradiction leerin certain
matters he was particularly messy and could not get used to ithgs being
done in an orderly fashion, but in others he was pedantic to époint of
obsession.

This apparent contradiction poses no problem to the presettieory. The rigid,
pedantic quality has to do with the characteristic exponent (tail shape) of the
step or model distribution, the messiness or precision to duth its dispersion

. Itis possible to be pedantically messy, to tolerate a certaamount of mess
but no more. is xed, but may vary to suit circumstances, and may even
be something a person could learn to control.

These predicted di erences between autistic and normal betior provide a
means of rather directly testing the theory presented in tlsi paper. Any such
tests should concentrate on internally driven behavior, asvith externally
driven behavior there is always the risk of provoking an exéme reaction
by presenting something unexpected. Some aspects of bebavhat might be
investigated are:
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Duration, pitch, and volume of syllables in speech.

Length of phrases, sentences, and paragraphs in writing.

Movement of the pencil while drawing.

Patterns of eye movement when presented with a uniformly téxred stim-
ulus image.

The following quote from a typical case study in Asperger Sginome (Man-
jiviona, 2003, p.66) displays several of the features thatis proposed may be
guanti able in terms of alpha-stable distributions (emphais has been added):

He used very precise language and tended to be very literal s under-

standing. He haddi culty modulating the volume of his voice and talked

loudly, often in a monotone He used repetitive language and had di culty
sustaining a reciprocal conversation with others as he fased on delivering
lengthy monologues on favorite topics, oblivious to the rpsnses of his lis-
tener. He was capable of making eye contact but often had @, deadpan,

expressionless look, with little variation in eye gaze

Asperger's (1944, p.42) description of Fritz is consistemtith an autistic person
who has compensated by using a larger step size (emphasis hesn added):

When somebody was talking to him he did not enter into the sorof eye
contact which would normally be fundamental to conversatio. He darted
short “peripheral' looks and glanced at both people and altgeonly eetingly.

It was “as if he wasn't there'. The same impression could beiged of his
voice, which was high and thin and sounded far away. The normapeech
melody, the natural ow of speech, was missing. Most of thertie, he spoke
very slowly, dragging out certain words for an exceptionalllong time. He

also showed increased modulation so that his speech wasnafiag-song.

Here, the presence of exceptionally long words might be takes evidence
against the hypothesis, but might alternatively re ect a seady enunciation of
each syllable in long words. The description of the tone amgrsong indicates
the presence of large variation in tone, but also perhaps thauch variation

owed as in song instead of making occasional leaps. That &s in Figure 9,
and not as in Figure 8a.

An absence of eye contact is often described in the literatiras a de cit
speci cally limited to person-to-person contact but, inteestingly, Asperger's
description of gaze makes no such restriction. Asperger'estription of an
overall absence of rmly xed gaze is instead more consistewith a Gaussian
random walk (Asperger, 1944, p.69):

Therefore, the gaze goes past the other person or, at mostuthes them
incidentally in passing. However, autistic children do notook with a rmly
xed gaze at anything, but rather, seem to perceive mainly wh their pe-
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ripheral eld of vision. Thus, it is occasionally revealed lhat they have per-
ceived and processed a surprisingly large amount of the wibdround them.

Tantam's description of a 19-year-old with Asperger syndroe, Robert, ap-
pears to corroborate this (Tantam, 1991, p.151):

His voice is also monotonous and he does not use expressiv&uges. His
gaze is roving, barely resting on one's eyes when one talkshim, but there
is no obvious avoidance.

A further e ect emerges when the random walk is over non- at ¢rrain, such
that it is more likely to take steps downhill than uphill. Sud a walk may be
used to nd global minimum of a function, such as the total syprise metric
described earlier. This is called Simulated Annealing. SZ1987) found that
use of Cauchy distributed steps in Simulated Annealing gaviae algorithm

the ability to escape from local minimaexponentially faster than would be
possible with Gaussian distributed steps. Thus an autistiperson may more
easily get trapped at a local minimum than a normal person.

7 Communicative and social de cits

In the present theory, communicative and social de cits arenot the result
of some single dysfunction. Instead, these de cits repregethe cumulative
product of all of the di erences discussed above. Any di erece is a barrier
to communication and social interaction, and autistic pedp are di erent in
many ways.

The di erences of behavior discussed in the previous segctjm autistic peo-
ple's eye gaze, patterns of movement, and manner of speechijp/ide an im-
mediate disadvantage by giving an impression of \oddnessFurthermore, dif-
ferences in autistic people's preferred pattern of atterdn make it hard for
them to follow the attentional lead of normal people, makinghared attention
di cult. For example, when talking they may stay stuck on a topic whilst
others have moved on to discussing something else, or aliinely they may
have di culty staying focused on any single topic.

It was seen earlier that use of a dierent characteristic exgnent leads to
a di erent assignment of data points to classes. Optimal ct& center points
may also be di erent for di erent characteristic exponents Thus an autistic
person will not be using the same basic conceptual labels as@mal person.
One of the most noticeable manifestations of this is the awtic tendency
to be pedantic in their use of words, that is, to interpret wods in terms of
sharp-edged formal de nitions (Figure 6b) instead of theiusual common-sense
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and sometimes metaphorical usages (Figure 6a). Thus to pemty understand
normal minds, an autistic person would have to build a sepat@ theory as
to the concepts that normal people use. To make matters wotrsa mixture

of several Gaussian classes would be required to approximaach Cauchy
class. The converse also holds: it would be inappropriater fa normal person
interacting with an autistic person to assume that their mird works in the

same way (see e.g. Gill, 2003).

At a more basic level, there may be di erences in the classiation of facial
expressions (and other cues) and their association with etiams. Autistic peo-
ple sometimes have di culty identifying emotions (Asperge, 1944; Tantam,
1991), and this could be explained by such a di erence in ckisation. For
example a normal person might recognize a large grin as hapgss, even if
the eyes were not crinkled appropriately or the shoulder makes not relaxed,
but an autistic person might only recognize happiness if aplarts of the ex-
pression t their model of a happy face. Even if this were not g@roblem for
recognition of true emotions (the facial expressions for win are adopted re-
exively and unconsciously), it could pose problems whenagsifying pretend
emotions (deliberate imitation of what the person considerthe key features
of a facial expression to be). For example, a care-giver froing in order to
scold an autistic child, but also trying to hide their amuserant at the child's
behavior, might give signals that were confusing to the clal An autistic per-
son might also have di culty adopting the facial expressios a normal person
would associate with di erent emotions.

The following description of Fritz by Asperger (1944, p.46is evidence of this
possible distinction between recognition of true and pretel emotion:

Now, a word about the boy's relation to people. At rst glance it seemed
as if these did not exist or existed only in a negative sense, mischief and
aggression. This, however, was not quite true. Again, acedtally, on rare
occasions, he showed that he knew intuitively, and indeed failingly which
person really meant well by him, and would even reciprocate &mes. For
instance, he would declare that he loved his teacher on the nda and now
and then hugged a nurse in a rare wave of a ection.

And more generally (Asperger, 1944, p.49):

These children often show a surprising sensitivity to the psonality of the
teacher. However di cult they are even under optimal conditons, they can
be guided and taught, but only by those who give them true undstanding
and genuine a ection...

Frith (2003, p.111) also notes that autistic children are higer at recognizing
the universal facial expressions, which are expressed nrewely and do not
need to be learned, than culturally speci ¢ emotions, whicimust be learned.
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Autistic recognition of emotion may also be less robust ovall. By a fortunate
coincidence, an accidental computational model of such a diéalready exists.
Cohen et al. (2003) describe a system for classifying (poyéacial expressions
in video recordings. Their system extracts a variety of faal parameters, and
uses a classi er essentially the same as the mixture modelssdribed in this
paper to nd the class of emotion with the best t to these paraneters. The
emotions the system attempts to detect are anger, disgustdr, happiness,
sadness, and surprise. Cohen et al. compare the results ftassi ers of three
di erent forms: classes where each parameter is assumed ®ibhdependent of
the others and follow a Gaussian distribution, classes wteeeach parameter
is assumed to be independent of the others and follow a Caudttigtribution,
and a \Gaussian Tree-Augmented Naive Bayes" (TAN) model thamakes use
of correlations between parameters.

Overall the TAN model was reported to be best at classifyingates. In the
absence of a corresponding Cauchy TAN model, this is not re#at to the
current discussion. More interesting is the comparison beeen the Cauchy and
Gaussian models. Where the system was trained and then tedten a single
person, the Cauchy model only did very marginally better tha the Gaussian
model. However, when the system was trained on a database @fople, then
tested on a di erent person again, the Cauchy model did sigeantly better
than the Gaussian model (the use of a larger database, howevearrowed this
di erence).

The interpretation of this as a model of autistic emotion reagnition is in-
teresting. The \autistic" Gaussian model had special di cuty generalizing
emotional expressions from one person to another. The Caychodel did
especially well when generalizing from small amounts of dat

8 Comparison to other theories

There are a number of existing theories as to the causes of traious features
of autism.

One prominent theory is \mind-blindness". The \mind-blindness" theory ex-
plains de cits of socialization, communication, and preted play in terms of
a lack of understanding that others may know, want, feel, or dlieve things
that one does not and vice versa (Baron-Cohen et al., 1985)h& present
theory provides alternative explanations for many of the pbnomena mind-
blindness seeks to explain (as discussed in the previoustiseg. Most notably

the present theory says that shared attention is impaired lwause an autistic
person has di culty making the occasional large shifts of aention necessary
in order to follow the attention pattern of a normal person, ot because autis-
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tic people are unable to read attention cues such as gaze. Tlhek of pretend
play is in the present theory explained by an absence of metagrical-type
classi cation of objects (Section 4.2).

Another theory, that explains certain features of autism tlt mind-blindness
does not explain, is that autistic people have a de cit (or pehaps just di er-
ence) in \executive function" (Ozono et al., 1991). Execuive function is the
ability to maintain an appropriate mind-set in order to attain some goal. The
speci ¢ de cits of executive function autistic people are dscribed as having
are rigid and in exible problem-solving strategies, and adndency to perse-
veration. Autistic people sometimes actually perform be#r than controls in
terms of maintenance of problem solving set (Ozono et al.,991; Grith
et al., 1999), an example of perseveration as a useful traiinder the present
theory, this rigidity and perseveration is an instance of distic people's overall
tendency not to make occasional large leaps, a tendency afgesent in such
things as speech intonation and eye gaze. Thus the presenethy is com-
patible with the executive function theory, but views this c cit/di erence as
part of a larger pattern, and not as a specic dysfunction of & \executive
functions module" in the brain. The present theory is potenally valuable in
o ering a mathematical model of executive function de citédi erences.

The present theory is also compatible with the \weak centratoherence” the-
ory of autism (Frith and Happe, 1994). Weak central coherece is a lack of
understanding of overall structure of a collection of partsand therefore also
a tendency not to see individual parts in their global contex A way was
described in Section 4.2 whereby weak central coherenceldaarise from sen-
sitivity to outliers in classi cation. As with the executive function theory, the
present theory may have value in o ering a mathematical formlization of
weak central coherence.

9 Conclusion

In this paper, it has been conjectured that sensitivity to otliers is su cient
to explain many reported features of autism: sensory hypenssitivities, hear-
ing impairments in noisy environments, pedanticism, di cdty understanding
metaphors, \weak central coherence”, unusual interestsnpairments in under-
standing emotional cues, and communicative de cits. Furtermore, an absence
of outliers in behavior explains qualitative \oddness" of Bhaviors such as eye
movement and gestures, odd attention patterns, and di culy with shared
attention.

One important element in the theory is that, while the charateristic exponent
that a person uses is xed, the overall size of the distributin may be varied.
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This raises the possibility of teaching autistic people a agpensatory skill of
consciously adjusting the overall size of distribution to rtch the situation.
This might be used on the one hand to reduce a tendency for peegation of
sameness, xed routines, and circumscribed interests, on ¢the other hand to
reduce attention de cit and anxiety. This is not a skill a nomal person would
necessarily need.

The theory is at the level of cognition, and says nothing abauhe proximate
biological causes of autism. It is a simple enough change tltae may suppose
it could result from a single change to some parameter of nalirgrowth or
functioning. Such a change would have a pervasive e ect onain functioning,
and would not be specic to any one mental faculty. As naturaphenomena
display variation following a variety of distributions, the ultimate cause of
autism may be the evolutionary utility of a gene pool that intudes people
who model the world using a variety of di erent characterisc exponents.

Descriptions of autistic people in the literature have beeshown consistent
with the theory presented. However to validate the theory pperly it would

be necessary to directly measure the behavior of autistic gale and normal
controls, and to attempt to tthese measurements to the alph-stable family of
distributions. It is possible that in some cases the necesgalata has already
been collected in the course of other experiments, and mgreieeds to be
subjected to this novel form of analysis.
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