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About Notation

A The prefix & € 3As in T-pattern, below only
iIndicatesthat the prefixed term is usedin a
particular way specified through a formal
definition within the evolving T-systemor T-
languagefor the description and analysisof
spatialand/or temporalstructure



A Long Search for Patterns

First In Human Interactions, then in neurons and DNA

A This research and development work has been carried out at the

Universities of Copenhagen, Paris (V, VIII & Xlll) and Iceland and at
Museum of Natural History in Paris.

A There has been extensive collaboration with research teams in a
number of universities in the USA and Europe, especially the Univer
of Chicago and the MASI university network that was created arounc
the T-pattern model and the use of the THEME software .

A Seewww.hbl.hi.isand http://www.hbl.hi.is/masi.htm

ACNRY (UKS o0S3IAYyYyAy3a 2F (KS LINBa
been on formulating and discovering some general structural aspect:
behavioral dynamics as a necessary prerequisite for the subsequent
development of adequate generative modelstill out of reach.


http://www.hbl.hi.is/
http://www.hbl.hi.is/masi.htm

Why Search For Repeated Patterns?

RepeatedPatternsare Fundamental- Often Hidden--Biological
andBehavioraPhenomena

G! y 2 (kéy Sedtlire of biology is the existence of many
identicalexamplesof complexstructurese

(FrancigCrick,1989 p. 138, co-discovereinf DNA)

oBehavior consists of patterns in time. Investigations of
behavior deal with sequencesthat, in contrast to bodily
characteristicsare not alwaysvisible£

The opening words of EibF9 A 6 S & BdeKaR i (K& The Biotogy of
. SKI Aar7a pE, Emphasiadded}



What Cannot Be Detected Cannot Be

I Counted
I Interpreted
I Compared or

I Modeled



For the Discovery of Experimental Effects

A After a particular treatment the absolute and relative frequencies
of components may not change at all, while the way they combine
Into patternsmay change dramatically.

A Examples:
A 1) A solution with DNA before and after heating.
A 2) Text before and after some reordering of its letters or words.

A Detection of these effects requires discovery of patterns beford
after treatment. Pattern changes may be the only, but sometimes
very strong effects of an independent variable; effects often
completely overlooked when pattern detection is omitted.



The Data Typel-Data

A T-Datastands for a set of (time) point series
where each series (S) stands for the
occurrence points of an eveitype within k
Intervals or periods [ft,];

A An eventtype name, E, (for example,
joe,begins,running) only serves as a label for
ItS occurrence series.

A Thus TData with n series and k periods can be
noted as: B[ty t,];i=1..n,j=1.k



T-Data: Multivariate Point Series
For example, tens, hundreds or thousands of ser

G TMMmMmOoOO>




Human Interaction-Data
82 EventTypes, approx. 40 pehild, 13:30 min

Time (one frame)1/15 s)



Data Entry and Transformations

A The PatternVisioData ExchangeProgram:DEP

I Accepts data from most versions biie Observer
and returns data ready for analysis WiEHEME

A Analog Dat# T-Data

I Ready soon: a simple separate program for basic
transformation of analog data into-[Data



What Kinds of Patterns?

A Doall thesephenomenasharea pattern type?

A DNA RNA Motives,exons,ntrons,genes

A Language phonemes, syllables, words,
standard phrases, standard texts (poems,
scripturesJaw books,etc.)

A NonverbaBehaviorand Interactions
A Neuronallnteractions



T-Patterns

A The Tpattern is the initial and basic pattern type
In the TFsystem.

A It can be described or defined verbally in a

generally useful manner, but also formally
iIncluding algorithmic definitions.

A Thus a Tpattern stands for a set of components
that occur repeatedly in the same order such that
the time distance between each consecutive pair
remains significantly similar, while each
component maytself bea T-pattern.
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T-Pattern Definition

With the Initial T-Data Event-Types as the Simplest T-patterns
Within [ 1, T ]Ja T-pattern is an ordered set of -patterns (X):
X F REF BOXFdGX,, . X0 F RX,
that recurs such that each of the time distancést; varies

significantlyless than expected assuming a zero hypothesis

(fiction) of constant probability per unit time for eacl given by
X = Ni/T.

Thus after Xoccurring att, X,, occurs(at least once) within more

of the intervals| t+d,, t+d, ], than expected by chance:

Xl[dl’ dZ] 1X2 - x [ dl’ d2]i><i+l" X‘n-l [ dl’ dZ]m-lxm



Criticallntervals andBinary Trees

Any sequence can be split into two shorter ones

A Any Fpattern Q = X X,..X_ can be split into air of

shorter ones related by exitical interval

QLeft[ dl’ d2] QRight

A RecursivelyQ, .and Qrignt€an thus each be split until
the patternX,.. X, Is expressed as the terminals of a
binary-tree. -- Detection works in the opposite direction.



Towards a Detection Algorithm
T-pattern evidence: Ciritical Intervals |,ad, ]

Comparing SeriesA and B Detected
Critical Interval

A T T S f

B | " (I | ] ‘ B

" d; d,

Time (discrete)

Repeatedly, an A may be followed by a B within approximately the same distance

Search for a critical interval [ t+d1, t+d2 ] after A occurring a t, such that significantly
more of these than expected by chance contain at least one occurrence of B?



Searching for [ 4 d, ] in Distributions
Using a Simple Binomial Test

Distance from A to first following B

dl  d2

|||||||||||

For details see: http://dl.dropbox.com/u/1983864/Magnusson 2000 BRMIC.pdf



http://dl.dropbox.com/u/1983864/Magnusson_2000_BRMIC.pdf

Detection as Evolution
PatternsGrow and Competefhe Most Complete Win

A Thebottom-up algorithmdetects patternggraduallyfrom simpler
to morecomplexascritical pairs of pairs, I.e., as binary trees of
critical intervals

A Starting with the coded event types, it detectstical interval
relationsbetween the occurrence series of event types and/or
detected patterns

A And when found these areonnectedto form longer patterns
(binary trees) which are added to the data (multi ordinal)

A Many binarytrees may correspond fully or partly to the same
pattern so all detected patterns are automaticailymparedand
only the mostcomplete(longest) patternsurvive



Completeness Competition

DeletesPartial and_ater Detected Equivaleiitees

Same begin and end poinendthus the samecontinuations:

A Equivalent; contain same event occurrences:
i ((A B) (C D) (E F))
T ((A(B C)D)) (E F))
A Partial; have some of the same event occurrences:

i ((A B) O (E F))
T ((A C) F)
i (A F)

Different begin and end points (continuation may be different)
A Partial; haveonly someof the same event occurrences:

i (B E)

i (B D)



Human Interaction-Data
82 EventTypes, approx. 40 pehild, 13:30 min

Time (one frame)1/15 s)
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The Saméeattern
Different View



