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In this lecture | will talk about

* literature,

* philosophy,

* number theory,

e complex networks, and

* things | haven’t even fully understood myself yet.
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“I have tried to bring
scientific thinking to
literary criticism and there
has been very little
gratitude for this.”

Kurt Vonnegut -
https://www.youtube.com/watch?v=GOGr
u_4z1Vc






Good fortune

Il fortune



Good fortune

Beginning Entropy

Il fortune



Good fortune

Average story

Beginning Entropy

Il fortune



Good fortune

Average story

Day like any
other day

Beginning Entropy

Il fortune



Good fortune

Average story

Day like any
other day

Beginning / Entropy

Cinderella

Il fortune



Good fortune

Average story

Day like any
other day

Beginning / Entropy

Cinderella

Kafka

Il fortune
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This talk
Beginning Entropy
This is where | explain some math
and study results
Il fortune



Stories are
complex systems




Complexity arises from the actions and
interactions of the many things that are going on in
our world at the same time. We try to capture this
complexity and make it easily understandable
using “Transcendental Information Cascades”.
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What are Transcendental
Information Cascades?
From II to Popper to primes



"My goal is simple. It is
a complete
understanding of the
universe, why It Is as It
IS and why It exists at

Stephen William Hawking ~ all-
January 1942 - 14 March 2018



14 March 2018
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Coincidence

 events that are temporally related
but have no observed causal relationship

« C.G. Jung coined the term “synchronicity”
for cases of
“acausal but meaningful coincidences”

« Underpins his theory of the collective
unconscious

« Obscure theory of parapsychology or
fundamental to our understanding of the mind?

Jung, C.G., 1952. Synchronicity: An Acausal Connecting Principle. In Vol. 8. of the
Collected Works of CG Jung. Princeton University Press, 2010.




Diaconis and Mosteller on coincidence,

« directions for a general theory of coincidences are
* hidden cause
* psychology
» Multiple Endpoints and the Cost of "Close"
* The Law of Truly Large Numbers

[9] Diaconis, P. and Mosteller, F., 2006. Methods for studying coincidences. In Selected
Papers of Frederick Mosteller (pp. 605-622). Springer, New York, NY.



Diaconis and Mosteller on coincidence,

« directions for a general theory of coincidences are
 hidden cause

PSYERSIes)

* The Law of Truly Large Numbers

* but they emphasized

 “[...] we are handicapped by lack of empirical work. We do not have a notion
of how many coincidences occur per unit of time [...]"

[9] Diaconis, P. and Mosteller, F., 2006. Methods for studying coincidences. In Selected
Papers of Frederick Mosteller (pp. 605-622). Springer, New York, NY.



A story of three worlds to unpack acasuality.

World 1
physical objects and events
(our ability to make noises)

/ \

World 2 World 3
mental objects <+«—— objective knowledge
and events (our cognition)(non-phys. knowledge artefacts)

[1] Popper, K., 2013. Knowledge and the Body-Mind Problem: In
defence of interaction. Routledge. (original lecture in 1969)



Evolutionary emergence

Phylogenetic Tree of Life

Bacteria Archaea Eukaryota
Green
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Public domain image from https://en.wikipedia.org/wiki/File:Phylogenetic_tree.svg



Evolutionary emergence

* Popper suggests the view that evolution means
“ascending”

In the genetic tree misses the point

* what's optimal under the conditions at one point may
become

suboptimal when the conditions change

* instead of “ascending into higher forms” it is
“‘Increased variety”

that should be regarded
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Evolutionary emergence and TICs

World 1
physical objects
and events (our speech)

World 2 World 3

mental objects <«—— Objective knowledge
and events (our cognition) (non-phys. knowledge artefacts)

“a transcendental method in Kant's sense of
attempting to understand the conditions of
knowledge itself”

Luczak-Roesch M, Tinati R, O'Hara K. (2017) What an entangled
Web we weave: An information-centric approach to socio-technical
systems. PeerJ

Preprints 5:e2789v1https://doi.org/10.7287/peer|.preprints.2789v1
Kant, ., Critique of pure reason. Translated by Norman Kemp
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Primes, meaningfully non-random but
acausal.

Primes Primes in random order Random numbers




Changing the base makes the pattern get
stronger

- There are some systems
where endogenous and
others where exogenous
effects are at work

000000




What if we would imagine something that
happened did not?




What if we would imagine something that
happened did not?




Characterising significant statistical
Insignificance
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y Nave made wranpemenis wilh

CHARLES DICKENS

ONE FAREWELL READING

(THE ONLY READING THAT MR DICKXENS WILL EVER GIVE IN NOTTINGHAX)

THURSDAY EVENING FEB 4th, 1869

WILL BV AD

“‘“‘TOR MARIGOT

From Dickens to Data
Science

All fourteen of Dickens’s completed
novels were published serially in
weekly or monthly instalments.



Dickens’ Working Notes for His Novels. Edited by Harry Stone, U of Chicago Press, 1987.

Managing Characters

“I have endeavoured in the progress of this Tale, to resist the temptation of the current Monthly Number,
and to keep a steadier eye upon the general purpose and design.” Preface to Martin Chuzzlewit (1844)



Transcendental Information Cascades applied

to English literature
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“Not-So-Distant
Reading”

“The point, then, is that data-driven approaches are
not just doing the same thing better or at a larger
scale. They are doing a different thing altogether:
interacting with the objects of the world. Traditional
literary criticism, on the contrary, interacts with the
past, with tradition. While one falsifies theories, the
other develops from them. The figure of one is the
data visualization. And the figure of the other is
narrative.”[12]

Rosenthal, Jesse. “Narrative Against Data.” Genre, vol. 50, no.
1,2017,p. 9.

Aggregate word frequency

te: Columns represent the actual de
with the decade in the row label. Percentages in the ce
column decade

Methods & Literary History.

Jockers, Matthew
Macroanalysis: Digital
2013, p. 83.
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“Not-So-Distant Reading”

Although our method draws on foundational methodologies
within digital humanities (hypothesis-testing, quantitative

analysis), it explores the seeming contradiction between ‘distant’
and ‘close’ reading.
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The psycholexical
approach

“a great challenge i had to face was traveling to Africa fro a month. i was
part of a group from school. in XXX i built mud homes for a family in a
village called XXX. this was a challenge physically and mentally. the heat
and nature of the work was a great challenge physically. i was not used to
the intensity of the heat and when working long hours i became very
tired. mentally it was hard to see the living conditions human beings were
exposed too. | was also told of their story, the family had been struck with
aids and had lost a few members, leaving behind 3 young children to be
cared for by the grandmother. i addressed this challenge by remembering
i was there to do my part and help in whatever way i could, i reminded
myself that i am very privileged and i was very happy and lucky to be able
to help these people by giving them a safe new home. i also took in
everything that was around me and noticed how happy the family was,
this gave me a lot of modivation to push through and do a good job”
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for his dinner. ..
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In other words: authors/speakers are long dead,
fictive characters never lived, and humans are bad
at assessing personality from text

1982

objective rules. Although we have continuously sought to find an objective
procedure that would approximate the judgments being made by investigators, all
of these efforts have failed. As one example, in reducing a set of 1666 trait
adjectives to a subset roughly half that size, 25 indices of word length,
grammatical form, difficulty level, interpretive ambiguity, and response ex-
tremeness were used in a stepwise multiple regression analysis to predict one
investigator's suitability judgments. The variable *‘root term versus all other
forms" correlated .32 with these judgments, whereas the addition of “‘difficulty
level'" from the Norman data raised the multiple correlation to .34. An index of
interpretive ambiguity raised the multiple correlation to .35, and one of response
extremeness only sent it up to.36. None of the other objective indices provided
any significant increments in the multiple correlation. Clearly, then, most of the
variance in these judgments—which tend to be correlated above .80 among vari-
ous pairs of investigators—is not predictable from a linear combination of those
particular indices. Even though the quest continues, it seems unlikely that a
completely objective procedure will be devised, unless it includes as predictors
consensus ratings of *‘slanginess'’ and ‘‘awkwardness,"’ and incorporates some
measure of semantic redundancy between a given term and other more common
(less awkward, less slangy) ones.

Goldberg, L. R. (1982). From Ace to Zombie: Some
explorations in the language of personality. Advances in
personality assessment, 1, 203-234.

5.2 Difficulties with Measuring TAA g 2 O 1 8

As we showed in Section 5.1, the agreement across all annotation layers is comparably low. There are
several reasons for that. Indeed, emotion annotation is highly subjective, but it is not the only subjective
category. The cause and target of the emotion are not always clearly recognizable in the text and are also
subjective categories (two annotators may find two different causes for the same emotion), hence the low
agreement scores across all categories. The only exception are experiencer annotations, which are the
most reliable among all annotations and match the substantial agreement scores of character annotation
(the only type of entities that can be involved in an experiencer relation).

We illustrate the difficulties the annotators face when annotating emotions with roles with the following
example: “they had never seen ... what was really hateful in his face; ... they could only express it by
saying that the arched brows and the long emphatic chin gave it always a look of being lit from below ...”
All annotators agree on the character (“they”) and the emotion (“hateful” expressing disgust). Similarly,
both annotators agree that the disgust is related to properties of the face which is described, however, one
annotator marks “his face” as target, the other marks the more specific but longer “the arched brows and
the long emphatic chin gave it always a look of being lit from below” as cause.

If we abstract away from the text spans, both annotators agree that the emotion of disgust has something
to do with “his face”, however they disagree on the target annotation and the cause annotation. So,
though conceptually, the annotations by two people are similar, this is not captured by our calculation of
inter-annotator agreement.

Kim, E., & Klinger, R. (2018). Who feels what and why? annotation of a
literature corpus with semantic roles of emotions. In Proceedings of the 27th
International Conference on Computational Linguistics (pp. 1345-1359).



't seems very hard, so let’s do it.

* Selection of 25 English novels
 Earliest: The unfortunate traveller by Thomas Nashe (1594)

e Latest: Edwin Drood by Charles Dickens (1870)

* Robinson Crusoe, Oliver Twist, Evelina, Nicholas Nickleby, Pickwick, Frankenstein, The
Old Curiosity Shop, Barnaby Rudge, Great Expectations, Martin Chuzzlewit, Dombey
and Son, David Copperfield, Bleak House, Hard Times, Little Dorrit, A Tale of Two
Cities, Great Expectations, Our Mutual Friend, Mystery of Edwin Drood, Emma,
Mansfield Park, Northanger Abbey, Persuasion, Pride and Prejudice, Sense and

Sensibility

* Dickens + Austen =21

Fischer, R., Karl, J. A., Luczak-Roesch, M., Fetvadjiev, V. H., & Grener, A. Tracing Personality Structure in
Narratives: A Computational Bottom-Up Approach to Unpack Writers, Characters, and Personality in

Historical Context. European Journal of Personality.



“The quick brown Fox jumps over the not
so lazy Dog. He was happy after that.”

- Fox:quick, Fox:happy, Dog:not_lazy



Vocabulary differences reflect the different styles of
authors as seen by humanities scholars
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Figure 5. Factor cascades for the Austen novels, using the 1,710 dictionary. Correlations above .50 are

shown.

Austen - smaller trait vocabulary, introspection of
individuals

some conceptual overlap with five factor scales

but primary focus on social- normative aspects

even Practical Intelligence factor has content dealing
with social orientation, such as philanthropic and
charitable
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Figure 6. Factor cascades for the Dickens novels, using the 1,710 dictionary. Correlations above .50 are

shown.

Dickens - broad trait vocabulary, complex
description of the social world of large groups of
characters

some relations to combinations of markers of Big Five
but own idiosyncratic content revolving around
themes of social relations such as arrogance,
dominance, sociability, and civility
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Dickens

Unstable structures
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Why?

RESEARCH

COGNITIVE SCIENCE

Semantics derived automatically
from language corpora contain
human-like biases

Aylin Caliskan,'* Joanna J. Bryson,?* Arvind Narayanan'*

Machine learning is a means to derive artificial intelligence by discovering patterns in
existing data. Here, we show that applying machine learning to ordinary human language
results in human-like semantic biases. We replicated a spectrum of known biases, as
measured by the Implicit Association Test, using a widely used, purely statistical
machine-learning model trained on a standard corpus of text from the World Wide Web.
Our results indicate that text corpora contain recoverable and accurate imprints of our
historic biases, whether morally neutral as toward insects or flowers, problematic as
toward race or gender, or even simply veridical, reflecting the status quo distribution of
gender with respect to careers or first names. Our methods hold promise for identifying
and addressing sources of bias in culture, including technology.

Dominant words rise to the top by positive frequency-

dependent selection

Mark Pagel®?, Mark Beaumont®, Andrew Meade?®, Annemarie Verkerk®, and Andreea Calude®

School of Biological Sciences, University of Reading, Whiteknights, RG6 6UR Reading, United Kingdom; bSanta Fe Institute, Santa Fe, NM 87501; “School of
Biological Sciences, University of Bristol, BS8 1TW Bristol, United Kingdom; “Department of Linguistic and Cultural Evolution, Max Planck Institute for the
Science of Human History, 07745 Jena, Germany; and *Department of General and Applied Linguistics, University of Waikato, 3240 Hamilton, New Zealand

Edited by Barbara H. Partee, University of Massachusetts at Amherst, Amherst, MA, and approved February 25, 2019 (received for review October 3, 2018)

A puzzle of language is how speakers come to use the same words
for particular meanings, given that there are often many compet-
ing alternatives (e.g., “sofa,” “couch,” “settee”), and there is sel-
dom a necessary connection between a word and its meaning. The
well-known process of random drift—roughly corresponding in
this context to “say what you hear"—can cause the frequencies
of alternative words to fluctuate over time, and it is even possible
for one of the words to replace all others, without any form of selec-
tion being involved. However, is drift alone an adequate explanation
of a shared vocabulary? Darwin thought not. Here, we apply models
of neutral drift, directional selection, and positive frequency-
dependent selection to explain over 417,000 word-use choices for
418 meanings in two natural populations of speakers. We find that
neutral drift does not in general explain word use. Instead, some form
of selection governs word choice in over 91% of the meanings we
studied. In cases where one word dominates all others for a particular
meaning—such as is typical of the words in the core lexicon of a
language—word choice is guided by positive frequency-dependent
selection—a bias that makes speakers disproportionately likely to
use the words that most others use. This bias grants an increasing
advantage to the common form as it becomes more popular and
provides a mechanism to explain how a shared vocabulary can spon-
taneously self-organize and then be maintained for centuries or even
millennia, despite new words continually entering the lexicon.

stochastic effects—no selection need be involved. Applied to lan-
guage (11, 12), random drift can be used to study changes in the
frequencies with which speakers use various words for a given
meaning, such as “sofa,” versus “couch” or “settee.” Drift’s impor-
tance in population studies, then, is that its mathematical expression
provides a precise null expectation against which stronger claims,
such as those that Darwin and Miiller made, can be assessed (11, 12).

For example, in language, a common observation is that when
the number of speakers who use a word is plotted against that
word’s rank-order position in a list of words sorted by frequency
(e.g., Fig. 1 A-C), sharply down-sloping curves arise that can be
described by the form f(k) =ak™”, where f(k) is the observed
number of speakers who use a word, and & is its rank order
position ({, 2,...k) (13). Studies in linguistic settings have shown
that drift can produce curves with these shapes (12, 14-16), even
the extreme example in Fig. 1C where, among competing alter-
natives, one word has risen to the top, dominating all others. On
the other hand, while drift can in principal produce any mono-
tonically declining curve, some outcomes of drift are more
probable than others (17). So, the real question becomes not
whether drift can produce outcomes such as those in Fig. 1 A-C,
but whether mechanisms other than drift provide more likely
explanations. This is the challenge that claims of selection in
language must meet.
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Bringing different
views together

Source data
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* There are many different IR,
views to the same system
(many possible
tokenisations)
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“If it's beautiful but a little bit
wrong, | am ok with that.”

Steven Strogatz on the MindScape Podcast -
https://www.preposterousuniverse.com/podcast/2019/04/08/episode-41-
steven-strogatz-on-synchronization-networks-and-the-emergence-of-
complex-behavior/




“If It's beautiful but a
little bit wrong,
| am ok with that.”

Markus Luczak-Roesch | @mluczak

TE HERENGA WAKA

' WELLlNGTON \H‘\ Te Pinaha Matatini
5SS Data = Knowledge = Insight

http://complexity.sim.vuw.ac.nz



