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Goal—Understand this:

: Twitter on 2016/11/09

¢ Twitter on 2017/08/13
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Site (papers, examples, code):
http://compstorylab.org/allotaxonometry/ (&'

Foundat

ional papers:

“Allotaxonometry and rank-turbulence

Dodds et al.,
,2020.

Dodds et al.,
,2020.011

Basic science = Describe + Explain:

&

&
&
&

Dashboards of single scale instruments helps us

understand, monitor, and control systems.

Archetype: Cockpit dashboard for flying a plane

Okay if comprehendible.

Complex systems present two problems for

dashboards:

1. Scale with internal diversity of components: We
need meters for every species, every company,

every word.

2. Tracking change: We need to re-arrange meters

on the fly.
Goal—Create comprehendible,

dynamically-adjusting, differential dashboards

showing two pieces:'
1. '‘Big picture’ map-like overview,
2. Atunable ranking of components.

1See the lexicocalorimeter ('

Baby names, much studied: **!

“Probability-turbulence divergence: A

How to build a dynamical dashboard that helps sort

through a massive number of interconnected time

series?
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“Is language evolution grinding to a nalt? The

Pechenick, Danforth, Dodds, Alshaabi, Adams,
Dewhurst, Reagan, Danforth, Reagan, and

E Danforth.
Journal of Computational Science, 21, 24-37,
2017.[2%)
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For language, Zipf's law has two scaling

regimes:

4]

f rm forr < ry,
= forr > ry,

When comparing two texts, define Lexical
turbulence as flux of words across a frequency

threshold:

Estimates: pu ~ 0.77 and i/ ~ 1.10, and f,, is the scaling

ft}f/ for finr < fo,

O ol fOr fo > o

Year (mid-decade)
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A. Rank-turbulence histogram:

Qy: Twitter on 2017/08/13

€ Twitter on 2016/11/09
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B. Identical systems:

C. Randomized systems:

D. Disjoint systems:

D
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Exclusive types:

&> We call types that are present in one system only

‘exclusive types'.
&% When warranted, we will use expressions of the

form QM-exclusive and (2)-exclusive to indicate

to which system an exclusive type belongs.

Probability-turbulence histogram:

@ Twitter on 2016/11/09
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So, so many ways to compare probability distributions:

Qy: Twitter on 2017/08/13

supremacists
zara,

o larsson

bannon

des
harambe

charlottesville
ches

opport:
‘meteorite,

“Families of Alpha- Beta- and Gamma-

Cichocki and Amari,
Entropy, 12, 1532-1568, 2010. (]
“Comprehensive survey on

Sung-Hyuk Cha,

International Journal of Mathematical
Models and Methods in Applied Sciences,
1,300-307, 2007."!

&> Comparisons are distances, divergences,
similarities, inner products, fidelities ...

&% 60ish kinds of comparisons grouped into 10
families

<& Aworry: Subsampled distributions with very
heavy tails
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Quite the festival:

Shannon tried to slow things down in 1956:

3,1956.60

“The bandwagon”(

Claude E Shannon,
IRE Transactions on Information Theory, 2,

&% “Information theory has ... become something of a

scientific bandwagon.”

& “While ... information theory is indeed a valuable
tool ... [it] is certainly no panacea for the
communication engineer or ... for anyone else.

<> “Afew first rate research papers are preferable to
a large number that are poorly conceived or

half-finished.”

&> We want two main
things:
1. A measure of
difference between
systems

2. Away of sorting which
types/species/words

contribute to that
difference

& For sorting, many
comparisons give the
same ordering.

&> A few basic building
blocks:

@ |P;, — Q,| (dominant)

© max(P;, Q;)

© min(P;, Q;)

o PQ;

© [P - Q%
(Hellinger)

Table 1. L, Minkowski family

1. Euclidean L,

o :Ji\R—Q ! (O]

.
2. City block L, dey=Y|P -0 (&)
=
7

3. Minkowski L, o)
4. Chebyshev L, )
Table 2. L, family
5. Serensen

)
6. Gower

©)

(@]
7. Soergel

®)
8 Kulezynski

©
9. Canberra

(10)
10. Lorentzian - S 12-0 ) an

&

* L, family > {Interscctoin (13), Wave Hedges (15),
Czekanowski (16), Ruzicka (21), Tanimoto (23), etc}.
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Table 1. L, Minkowski family

The PoCSverse

Table 2. L, family

5. Serensen
. . )
& Information theoretic
sortings are more 6 Gower ©
opaque
- @
&> No tunability 7 Soergdl
8)
8. Kulezynski d
©)
9. Canberra
(10)
10. Lorentzian
(11

& Shannon's Entropy:

H(P)= (Iogzi) = Z pT|0g2i M

4 TERI,Q;Q pT

&% Kullback-Liebler (KL) divergence:

1 1
DX (P, || Py) = <Iog2— - Iog2—>
P2, P1,r P
= Z P2 - |:|0g2i - |Ogg ! i|
TER, 5.0 ’ P2, - Pi,r
P1,r
= > py.log,—T. @)
TER) 50 P2,

& Problem: If just one component type in system 2 is not
present in system 1, KL divergence = co.

&% Solution: If we can't compare a spork and a platypus
directly, we create a fictional spork-platypus hybrid.

&> New problem: Re-read solution.

&> Jensen-Shannon divergence (JSD): [19,13,24,3]

DB (Py || Py)

:%DKL(P1 H %[P1+P2])+%DKL(P2H %[P1+P2])
1 Pi,r P2,r

== p1 0 : + po .10 : .
2 ( S P I [p1,+p2,]>

(€)

& Involving a third intermediate averaged system means JSD is now
finite: 0 < DS (P, || Py) < 1.

&> Generalized entropy divergence: [e]
D (P || Py) =
1 (I (p-r,l +Pr2 )a
— I+ =) —(pr1+Pr2)|-
ala—1) TGRZM_Q [(p ;1 T P2 ) 2 (Pr,1 +Pr2)
4

Produces JSD when a — 0.

* L, family > {Interscctoin (13), Wave Hedges (15),
Czekanowski (16), Ruzicka (21), Tanimoto (23), etc}.

7
cli - 2 Allotaxonometry
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uclidean L, \/Z\ ol [N s
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Desirable rank-turbulence divergence features:
1. Rank-based.

. Symmetric.

. Semi-positive: DR (Q, || Q5) > 0.

. Linearly separable, for interpretability.

. Subsystem applicable: Ranked lists of any
principled subset may be equally well compared
(e.g., hashtags on Twitter, stock prices of a certain
sector, etc.).

6. Turbulence-handling: Suited for systems with
rank-ordered component size distribution that are
heavy-tailed.

7. Scalable: Allow for sensible comparisons across

system sizes.

8. Tunable.

9. Story-finding: Features 1-8 combine to show
which component types are most ‘important’

u b WN

Some good things about ranks:

&% Working with ranks is intuitive

& Affords some powerful statistics (e.g., Spearman'’s
rank correlation coefficient)

<% Can be used to generalize beyond systems with
probabilities

A start:
1 1

T'r,l r‘r,2

. (5)

<% Inverse of rank gives an increasing measure of
‘importance’

&% High rank means closer to rank 1

<& We assign tied ranks for components of equal ‘size’

<% Issue: Biases toward high rank components

We introduce a tuning parameter:

1 1 1/
L S 6
ol (6)

[TT,Q}O‘

&> As a — 0, high ranked components are
increasingly dampened

&% For words in texts, for example, the weight of
common words and rare words move increasingly
closer together.

&> As a — oo, high rank components will dominate.

&> For texts, the contributions of rare words will
vanish.
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Trouble:
& The limit of @ — 0 does not behave well for

e
_r ot
[T‘r,l]a [r‘r,2]a
&> The leading order term is:
1/
(1=6, .. ,)ale In::—’; : )

which heads toward co as o — 0.
&> Oops.
&> But the insides look nutritious:

TT,I

In

TT,Q
is a nicely interpretable log-ratio of ranks.
Some reworking:

5D§4,7—(R1 ||R2)O< a;l ! - !

[7'7',1](l

&% Keeps the core structure.

&% Large a limit remains the same.

&> a — 0 limit now returns log-ratio of ranks.
<> Next: Sum over 7 to get divergence.

&% Still have an option for normalization.

Rank-turbulence divergence:

Y DR (Ry[[Ry) (9)

1S TER, 5.0

Normalization:

&% Take a data-driven rather than analytic approach
to determining Ny 5.

< Compute N, ., by taking the two systems to be
disjoint while maintaining their underlying Zipf
distributions.

& Ensures: 0 < DR (R; | Ry) <1

&% Limits of 0 and 1 correspond to the two systems
having identical and disjoint Zipf distributions.
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Rank-turbulence divergence:

Summing over all types, dividing by a normalization
prefactor NV, ,., we have our prototype:
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1/(81%*1"}”[" of

1 a+1 1

C Nize @ 5 |[rea]T el

(10)

General normalization:

<& lif the Zipf distributions are disjoint, then in Q(1)'s
merged ranking, the rank of all 2(2) types will be
r = Ny + 2+ N,, where N, and N, are the number
of distinct types in each system.

&% Similarly, Q()'s merged ranking will have all of
Qs types in last place with rank r = N, + 3 N;.

&% The normalization is then:

. . . 1/(a+1)
a+
Nl,?;a = a 1 [
TER, [TT,I] [Ny +3]N,]
1/(a+1)
a+1 1 1
a T [
o R | [Ny + 5N [rr.2]
(11)
Limit of & — 0:
DR(R, | Ry = 3 6DF, =" !
oty || fig) = 0,7 = 3 — |
TER, 5.0 " N1,2;0 TER, 5.4 Tr,2
(12)
where
Tr1 Tr2
Nioso= In—"5—| + In—"=—|.
Tgl Ni+ 35N, T;2 3N+ Ny
(13)

<% Largest rank ratios dominate.
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Limit of & — oc:

Dzo(RlnRQ): Z 5D§o,‘r

TERIQ;Q

1 1 1
a e > (176”1”2)maxT{r—,r—}.

30 TER 5

where

N =3 L 3 1

TER; T"'~1 TER, T"'»Q

(15)

&% Highest ranks dominate.
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Probability-turbulence divergence:

- 1 a+1

- P
Nl,?;a a

DE(Py || Py)

S | pea) = [pr2]”|

TER, 5.,
(16)

& For the unnormalized version (N’i’Q;a=1), some
troubles return with 0 probabilities and a — 0.

& Weep not: M . will save the day.

1/(a+1)



Normalization:

With no matching types, the probability of a type
present in one system is zero in the other, and the
sum can be split between the two systems’ types:

a+1
NE,Z;a:

TER, TER,

(17)

Limit of =0 for probability-turbulence divergence

& ifbothp,_, >0andp, , > 0then
1 T
a+ ‘ [ |np 2

Pr1
(18)

lim PT,1]a—[P1—,2]a ’ :

1/(a+1)
a—0 = ‘

& Butifp, ; =00rp, , =0, limitdiverges as 1/a.

Limit of =0 for probability-turbulence divergence
<% Normalization:

1
N e = ~(Ny+ 1), (19)
&% Because the normalization also diverges as 1/aq,
the divergence will be zero when there are no
exclusive types and non-zero when there are
exclusive types.
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Combine these cases into a single expression:

1
Dy(Py | Py) = ™ +N,) Z (517?,1,0 +50,p7,2) :

TER 5.0
(20)

& Theterm (3, o+, ,) returns 1if either
pr1 =00rp, » =0, and 0 otherwise when both
pr1>0andp, , > 0.

% Ratio of types that are exclusive to one system
relative to the total possible such types,

Type contribution ordering for the limit of a=0

<% In terms of contribution to the divergence score,
all exclusive types supply a weight of 1/(N; + N,).
We can order them by preserving their ordering as
a — 0, which amounts to ordering by descending
probability in the system in which they appear.

And while types that appear in both systems make
no contribution to DY (P, | P,), we can still order
them according to the log ratio of their
probabilities.

&> The overall ordering of types by divergence
contribution for a=0 is then: (1) exclusive types by
descending probability and then (2) types
appearing in both systems by descending log ratio.

Limit of a=oo for probability-turbulence
divergence

1
DY (P, | Py) = 3 Z (1 —5p,)1,p,)2> max (p‘r,17p7-,2)

TER 500
(21)
where
Moo= 2 (Pratpe)=1+1=2 (22

TER 200
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Connections for PTD:

&> a = 0: Similarity measure Serensen-Dice
coefficient® 3129 [, score of a test's
accuracy 32291,

& a = 1/2: Hellinger distance !'®! and Mautusita
distance 1?1,

&> a = 1: Many including all L®)-norm type
constructions.

& a = co: Motyka distance /),

Divergence contribut
! 0s

: Twitter on 2016/11/09 €y: Twitter on 2017/08/13
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by Brian Boyd (2010). %!

“The Storytelling Animal: How Stories Make

by Jonathan Gottschall (2013). %)

“The Written World: How Literature Shaped

y .
ritten
x World

Algorithms, recipes, stories, ...

THE
CODE
ECONOMY

“The Code Economy: A Forty-Thousand Year

by Philip E Auerswald (2017)."

PHILIP €
AUERSWALD
Algorithms
to Live By

“Algorithms to Live By” & ('

by Christian and Griffiths (2016). )

“Once Upon an Algorithm” @ ('

by Martin Erwig (2017).0'4

Also: Numerical Recipes in C?®! and How to Bake 7!
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The famous are storytellers—Japan:

e o

¥y usethe Pntheon dtaset.please it YA Z.etL. 2016)
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i Data2:150075.6
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‘Who are the globally known people born within present day Japan*?
{1500—2010]
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The Atlantic,

Explorations
Ed Yong, Stories
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Superspreading

Study of Agta, Filipino hunter-gatherers.
Storytelling valued well above all other skills
including hunting.

Stories encode prosocial norms such as
cooperation.

Like the best stories, the best storytellers
reproduce more successfully.
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The most famous painting in the world:

The dismal predictive powers of editors ......

Twelve ...

The completely unpredicted fall
of Eastern Europe:

Timur Kuran: ['8] “Now Out of Never: The Element of
Surprise in the East European Revolution of 1989”
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We understand bushfire stories:

1. Sparks start fires.
2. System properties control a fire's spread.

3. But for three reasons, we make two mistakes
about Social Fires ...

Reason 1—We are Homo Narrativus.

A WEIGHTED RANDOM NUMBER
GENERATOR JUST PRODUCED
A NEW BATCH OF NUMBERS.

LETS USE THEM TO
RUILD NARRATIVES!

BY

ALL SFORTS COMMENTARY

http://xkcd.com/904/ (&

Archival footage:

&% Individual narratives are not enough to
understand distributed, networked minds.
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Reason 3—We are spectacular imitators.

BBC/David Attenborough.

Mistake 1:
Success is due to intrinsic properties

See “Becoming Mona Lisa” by David Sassoon &'

48 songs
30k participants

Salganik, Dodds, and Watts,
Science, 311, 854-856, 2006. [*®!
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Resolving the paradox:
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Increased social awareness leads to

Stronger inequality + Less predictability.

Payola/Deceptive advertising hurts us all:

Exp. 3 Exp. 4
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Subiects

“Mistake” 2:

Seeing success is ‘due to social’ and
wanting to say ‘all your interactions are
belong to us’
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“This is truly the last time, believe me”

- @

~ im thefrst o it thay [T
Jounch N
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The network model of influence:

How superspreading works:

Many interconnected, average,
trusting people

must benefit from both
receiving and sharing a message
far from its source.

s+ | Watts and Dodds,
| J.Consum. Res., 34, 441-458, 2007. %]

Etymological clarity:
&> Fate—from the Latin fatus: meaning “spoken”.

&> Fate is talk that has been done.
“It is written”, fore-tell, pre-dict.

“There is no such thing as fate, only the story of
fate.” ('

Destiny is probablistic.

Fame—from the Latin fdma: meaning “to talk.”

Fame is inherently the social discussion about the
thing, not the thing itself.

Renown (£ Repeatedly named, talked about. Old

French renon, from re- + non (“name”).
Réclame(#. “Clamo”"—Proto-Indo-European: “to

shout” (again). Connected to “lowing".

&

& ® OP
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Oscar Wilde, The Picture of Dorian Gray: Raw
Fame

“There is only one
thing in the world

worse than being
talked about,

and that is

not being talked
about.”

HE,
DATA PooR

“Fame and Ultrafame: Measuring and

Dodds et al.,
Available online at

https://arxiv.org/abs/1910.00149, 2019. 1%

“Computational timeline reconstruction of

- Dodds et al.,

,2020. 17

&> POTUSometer with the Smorgasdashbord:
http://compstorylab.org/potusometer/ (&

&% Stories surrounding Trump:
http://compstorylab.org/trumpstoryturbulence/
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