A Theoretical Roadmap To
The Relationship Singularity

By Matthew Fisher
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Info dump

This talk will be an info dump from my last two years of researching and ideating.
It is ugly, because it is uncompressed, and compression is beauty.

Part of the reason | made this symposium was to attempt to compress it. Thanks so much for
attending!

Driven by Compression Progress: A Simple Principle Explains Essential
Aspects of Subjective Beauty, Novelty, Surprise, Interestingness,
Attention, Curiosity, Creativity, Art, Science, Music, Jokes

Juergen Schmidhuber

| argue that data becomes temporarily interesting by itself to some self-improving, but computationally limited,
subjective observer once he learns to predict or compress the data in a better way, thus making it subjectively simpler
and more beautiful. Curiosity is the desire to create or discover more non-random, non-arbitrary, regular data that is
novel and surprising not in the traditional sense of Boltzmann and Shannon but in the sense that it allows for
compression progress because its regularity was not yet known. This drive maximizes interestingness, the first derivative
of subjective beauty or compressibility, that is, the steepness of the learning curve. It motivates exploring infants, pure
mathematicians, composers, artists, dancers, comedians, yourself, and (since 1990) artificial systems.
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What is the relationship singularity?

It is the event where all the social outcomes we seek are instantly attainable, at

least in terms of knowing the optimal moves to make to achieve the best ones
possible to us.

The truth is we can’t really achieve it, but we can get asymptotically close to it.



ol ddel o’ b MAKE MATCHMAKING MODERN

Given some of the more recent developments in technology,
there seems to be plenty of unexplored potential in match-
making technology. For example, can preferences be respect-
fully derived from social media streams and public datasets?
Can systems help users move past unhealthy partner-seeking
habits? Can the system prescreen people by evaluating their
friends’ experiences or ratings? Using ubiquitous sensors

and subtle actuators, how “magic” and subtle could proximal
matchmaking become? If a central computer knew that two
people were made for each other, could it use ambient or
augmented reality technology to help him notice her across
a crowded bar by amplifying her laugh, or even by slightly
brightening the light above him when she looked his way?
Could matchmaking technology, like love, be “in the air”?



Why should we achieve the relationship singularity?

A massive amount of our greatest
triumphs and tragedies, joys and
sadness, come from our relationships.

Being able to optimize the process
where we begin relationships with
people with a very high likelihood of
mutual positive outcomes can save us a
lot of bad outcomes, and maximize good
outcomes that we might have never
experienced otherwise.

Over the next fifty years, the
greatest source of new wealth
may consist in finding choices
we didn’t know we already had.

Health

6\ Nick &

Looking for role models of what exceptionally good long term romantic
relationships look like

I’d relationship goodness follows a power law — anyone have recs for
non-fiction, fiction, or even just biographies that might reveal what’s in
the outlier-positive tail?



How to Make Billions of
Dollars Reducing Loneliness

by John_Maxwell 30th Aug 2019

Loneliness Is a Big Problem

On Facebook, my friend Tyler writes:

Lately, I've been having an alarming amount of conversations arise about the burdens
of loneliness, alienation, rootlessness, and a lack of belonging that many of my peers
feel, especially in the Bay Area. I feel it too. Everyone has a gazillion friends and
events to attend. But there's a palpable lack of social fabric. I worry that this
atomization is becoming a world-wide phenomenon — that we might be some of the

first generations without the sort of community that it's in human nature to rely on.

And that the result is a worsening epidemic of mental illness...

This Could Be Really Great

Most roommate search tools, like Craigslist, don't make it easy to figure out if a future
roommate is someone you'd actually want to live with. Imagine reaching a scale where

you could match people based on factors like:

They love to play board games, or pool, or Super Smash Bros.
They want a compost pile and a garden in their backyard.

One has a pet, and the other likes animals but isn't yet ready to make a lifetime

commitment.
They want a squat rack in the basement to save time & money going to the gym.
They want to continue partying like college students after graduation.

They want to be part of an intentional community devoted to mutual improvement
and life optimization, or spirituality, or whatever.

They want to share childcare responsibilities’.
They're all fans of the same sports team.

They enjoy reading and discussing the same genre of novels, or watching the same

movies.

They're musicians looking for people to jam with.

They want to live near hiking trails and go on group hikes together.

They want to do independent study of the same topic.

They're trying to eat a healthier diet.

They just moved to a new city and want friends they can explore the city with.
They have the same unusual work schedule.

One needs a caretaker, and the other wants to make extra money.

They like the idea of having a couch or two listed on CouchSurfing.

One knows a language the other wants to learn.

They work close together in the same expensive metropolitan area and want save on
housing. So they live in the outskirts of the city and commute together every day
using the diamond lane. One drives and the other pays for gas.

I also see opportunities to reduce friction in the current roommate matching process:

Automatically find times when everyone is available for a meet & greet video call.
Let people take virtual tours of the houses on offer to minimize driving.

No need to worry about breaking a lease if someone moves to a different house in
your company's network. Let people try out a few communities & see what works for
them. Use machine learning to improve your matching as you gather more data.

Provide external mediation in the event of roommate disputes, and have a reputation
system to encourage good behavior.

You aren't providing housing as a service (like Airbnb), or companionship as a service (like

the people-walking startup). You're providing community as a service. You could even

organize mixers across your houses.



But what about bad second order effects?

Like creating echo chambers?
Like depriving people of learning experiences?

idk

You'll have to give me outcomes worse than never getting to meet your true
best friends and soul mates, and living in an era of mass social loneliness, for
me to consider not creating this capability.



This probably won’t work (?)

That’s what fellow Al researchers said to me at NeurlPS in 2019 about image
synthesis

Then CLIP came out, and allowed mapping from arbitrary text into a semantically
meaningful space

Can the same be done for mapping arbitrary modalities to a semantic personality
space?



Embedding Spaces

https://grantcuster.github.io/umap-explorer/




Personality Space?

This is how embedding spaces for images work
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So we're embedding personalities?

Yes!

Archetypes are
Mean /combinations of traits

They are also in

Stly/\ embedding space
Nice



Which aspects of personality should we embed?

Voice Original Result
Face
Body
Movement

Genetics

Writing

50D 0 250 500 750 10D0
Habits

Insufficient data can lead to distortions of a person’s true nature, leading to
worse prediction of downstream tasks (like relationship outcomes/attraction)



Modeling people:
Thoroughly (metrics/tests to determine if it is sufficiently thorough)

Efficiently (what is the time/privacy cost for increase in confidence on important traits ratio, how can
we extrapolate more accurately)

Communicably (how well can we visualize and communicate these models to people so they can gain
personal insights on them?)

Usefully (different from thoroughly tradeoffs? Maybe the same)
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Synergy and Synchrony in Couple Dances
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Ground truth Bob & Alice t,

Ground truth Bob & predicted Alice

Figure 1. To what extent does Bob’s behavior affect Alice’s behavior? We study this question in a couple’s dance - an example of
full-body dyadic physical social interaction. We predict the full body motion of a dancer, Alice (orange), given their own past motion (gray)

and their partner, Bob’s (blue), motion.

Abstract

This paper asks to what extent social interaction influ-
ences one’s behavior. We study this in the setting of two
dancers dancing as a couple. We first consider a baseline in
which we predict a dancer’s future moves conditioned only
on their past motion without regard to their partner. We then
investigate the advantage of taking social information into
account by conditioning also on the motion of their dancing
partner. We focus our analysis on Swing, a dance genre with
tight physical coupling for which we present an in-the-wild
video dataset. We demonstrate that single-person future mo-
tion prediction in this context is challenging. Instead, we
observe that prediction greatly benefits from considering
the i) ion partners’ behavic lting in surprisingly
compelling couple dance synthesis results (see supp. video).
QOur contributions are a d ion of the ad ges of

wild, couple dance video dataset to enable future research
in this direction. Video results are available on the project
website: https://von31.github.io/synNsync.

1. Introduction

‘What is the counterpart in video understanding of next-word
prediction, the bedrock pre-training task of large language
models? Is a “word” in video a pixel? Or a patch? Or an
entity like an object or a person? While these are debatable
questions, this paper will focus on a human as the token of
interest, with an associated “state”, the counterpart of the
word embedding vector used in natural language processing.
Unlike iction i the d i
of a person’s state are conditioned on much more than the
past state history of the person, as we also have to consider

t-toke di in 1

socially conditioned future motion prediction and an in-the-

their i with other people during social situations.
For example, when one partner raises their arm during a



Yes, this is very easy to validate. Pick a relatively small number of
personal variables, say 20. Then pick a relatively small number of ways
of grading them from low high, say 1-10.

To calculate the number of possible personalities based on the criteria
you provided, we can use the formula for combinations where the order
does not matter and repetition is allowed, because each of the 20
personal variables can be graded from 1 to 10 independently of the
others.

In this case, for each personal variable, there are 10 ways to grade it
(from 1 to 10). Since there are 20 personal variables and the grading of
each is independent of the others, we multiply the number of options for
each variable.

The total number of possible combinations is then
100,000,000,000,000,000,000.

| would submit that humans differ from each other in many more ways
than 20 variables, with more graduations than 10. In other words, unless
you are a twin or a clone, there has never been another person like you,
and there never will be.

:08 PM - Mar 20, 2024 - 66 Views

@ Roman Hauksson
NanHe N

1

Out of 8 billion people, it’s likely at least one is scarily close to me in
personality, like a real doppelgénger. I’'m trying to figure out how to
acausally coordinate with him so we can meet each other. Any ideas for
schelling points?

lil piss baby @11kmrn - 22h
any of my followers look like this?

lil piss baby @11kmrn - 22h

one time i was really manic and i paid a
“psychic” on etsy $30 to draw my soulmate




Human Emotional
Embeddings
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Example Event
Designated by
Experimenter

Reported
Experience
(Basic Six)

Facial
Expression
Elicited

Perceived
Emotion
(Basic Six)
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State space of emotion
Distribution Conceptualization
Clusters and gradients Categories or affective scales
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50% Awe + 8% Confusion + 8% Contempt + 8% Disappointment + 8% Ecstasy + 8% Embarrassment + 8% Serenity
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https://s3-us-west-1.amazonaws.co
m/emogifs/map.html#

+ 6% Boredom + 6% Interest + 6% Sadness + 6% Surprise
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30% Pain + 17% Fear + 13% Distress + 10% Anger + 10% Sadness + 7% Shame + 3% Elation + 3% Guilt + 3% Neutral + 3% Surprise (negative)
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Embedding Human
Personality
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What do your friends and family know best about you that online data doesn't?

Data might hint that data
is best at predicting
extraversion levels and
also perhaps
agreeableness
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Theory: Ages at which
people care more about
these traits socially

SELF- AND OTHER-REPORTED PERSONALITY FROM AGE 14 TO 29 54
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Figure 2. Cross-sectional loess-smoothed trajectories of correlations between self- and other-

reported Big Five personality traits (smoothing span a = 1). The shaded ribbon indicates the

95% bootstrapped confidence interval for the mean correlation averaged over the five

personality traits (1,000 resamples). See Table 3 for statistical models of age trends.



How hard is it for us to know ourselves?
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The biggest difference between
most criminals and other

Generally speaking, people people is that the criminals
won't work hard unless they're are stupid enough to get It is wise to flatter

forced to do so. <5 Neighbors Diff for Q8A caught. <--5 Neighbors Diff for Q13A important people. <--5 Neighbors Diff for Q15A

Most people forget more easily
the death of their parents
than the loss of their

property. <--5 Neighbors Diff for Q20A Critical, quarrelsome. <--5 Neighbors Diff for Q4A

Allin all, it is better to be
Honesty is the best policy in There is no excuse for lying humble and honest than to be
all cases. <--5 Neighbors Diff for Q6A to someone else. <--5 Neighbors Diff for Q7A important and dishonest. <--5 Neighbors Diff for Q9A

When you ask someone to do
something for you, it is best
to give the real reasons for

wanting it rather than giving P.T. Barnum was wrong when he
reasons which carry more It is possible to be good in said that there's a sucker

weight. <--5 Neighbors Diff for Q10A all respects. <--5 Neighbors Diff for Q16A born every minute. <--5 Neighbors Diff for Q17A

UMAP colored by gender <--5 Neighbors Diff for gender




The Cultural Trope Hypothesis

All important traits will eventually become
tropes in a group’s stories.

Lexical hypothesis %A 3languages

Article  Talk Read Edit View history Tools v

From Wikipedia, the free encyclopedia

In personality psychology, the lexical hypothesism (also known as the fundamental lexical
hypothesis,?! lexical approach,®! or sedimentation hypothesis!*}) generally includes two postulates:

1. Those personality characteristics that are important to a group of people will eventually become a
part of that group's language.!!

and that therefore:

2. More important personality characteristics are more likely to be encoded into language as a
single word.[611718]

With origins during the late 19th century, use of the lexical hypothesis began to flourish in English and
German psychology during the early 20th century.l*] The lexical hypothesis is a major basis of the study of
the Big Five personality traits,!®] the HEXACO model of personality structurel'®! and the 16PF
Questionnaire and has been used to study the structure of personality traits in a number of cultural and
linguistic settings.[']
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Ask The Tropers

Mac: Have you ever known the commander to do anything... Trope Finder
Bud: Improper? No. Unconventional? Yes!

— On Commander Harmon Rabb, Jr., JAG Media Finder
Trope Launch Pad
The Wonka is the genius nut who should, by all logic, be fired, .
; Tech Wishlist
but he won't, because he runs the place — and runs it well.
Reviews
What the Wonk k rfect to hi If
at the Wonka says and does makes perfect sense to himse Go Ad Free!

— this character is typically male — but utterly confuses those
around him and leaves them wondering whether he really is all
there. The Naive Newcomer will think he's just nuts until he
proves himself by doing something genuinely amazing. Long-
term employees will either act just as loony as the boss or roll
their eyes and carry on. They've seen it all before.

Crucial Browsing

Resources

These characters are usually eccentric loners, but what few Aboat ride on a chocolate river through a candy forest?
G ; ; Who wouldn't want to work for him?!

friends they have will be close ones. Genius alone does not

make a Wonka, but they must show some sort of prowess in order to confirm that they are not crazy, just "differently

sane". Other common traits include irreverence, lack of social skill or any sense of danger and doing bizarre things

that make perfect sense in the sideways world where Wonkas live. From a psychological standpoint, the Wonka

perfectly characterizes the schizotypal personality.

Different from a Cloudcuckoolander in that Wonkas have their heads in Loonyland and their feet on earth, whereas



Figure 2: t-SNE visualization of the character space gener-
ated by our Character Space Module (CSM) based on HLAs.



More
CRAIBI Human Level Attributes (HLAS) == ALOHA and HLA-Chat
== e.g. PERSONAGE (Mairesse & Walker)
Identity / Persona Modeling == e.g. Facebook ConvAl2 (Persona-Chat)
Basic Emotions - Mar.1y work§ generate responses with
basic emotions (e.g. angry, sad, happy)
Q/A Chatbot == Industry chatbots such as Alexa
Less and Google Assistant
Complex



Broad attribute: Friendly Broad attribute: Trustworthy

[HLA: Childhood Friends]  [HLA: Vitriolic Best Buds] [HLA: The Reliable One] [HLA: Only Friend]

Broad attribute: Curious

[HLA: The Caretaker] [HLA: We Help the Helpless] [HLA: The Watson] [HLA: Cute Bookworm]




Male Tropes g Female Tropes g
Motivated by Fear -1.8 Ms. Fanservice 3.4
Robot War -1.6  Socialite 3.1
Cure for Cancer -1.5 Damsel in Distress 2.7
Evil Genius -1.3 Hot Scientist 2.2
Grand Finale -1.2  Ditzy Secretary 2.0

Table 2: Instances of highly-gendered tropes.



Musical 1
Romance -
Horror -

Drama -

Comedy -

Family A

Thriller
Biography -
Mystery -

o Crime A
5 Fantasy A
(L) Animation -
Sci-Fi
Documentary -
Adventure -
Action -

Western A

War -

History A

Music A

Sport -

|l TV
m Movies

—
—
e
__
_—
e

r'-I.nrl““""

-0.4 -0.2

0.0
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Figure 1: Genderedness across film and TV genres.

Interestingly, the top 50 tropes most predictive of
male authors have an average genderedness of 0.04,
while those most correlated with female authors
have an average of 0.89, indicating that books by
female authors contain more female-leaning tropes.
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Embedding Through
Language and Conversation



author anxious

author happy

o author sad

5 § author angry

=

2 E reader anxious

wuw reader happy

= reader sad

reader angry

author anxious

'5 author happy

2 author sad

e author angry
&2

°T reader anxious

] reader happy

u 3 reader sad

=3 reader angry

partisanship

out-group animosity

in-group perc.

out-group perc.

in-group perc. (left users)
out-group perc. (left users)
in-group perc. (right users)
out-group perc. (right users)

Political
effects

reader value (all tweets)
reader value (political)

Reader
value

Figure 1: The (standardized) effect sizes and 95% confidence intervals for all outcomes.
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What's in a Name?

This technique can also probe what associations BERT has learned about different groups of people.

example, it predicts people named Elsie are older than people named Lauren:

Lauren was born in the year

of .

Elsie was born in the year of
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Appendix: Differences Over Time

In addition to looking at how predictions for men and women are different for a given sentence, we can

also chart how those differences have changed over time:

In $year, he worked as a

In $year,

she worked as a

In $year, he studied .

In $year, she studied .

+5 -

W carpenter
+0 painter
Rmetee |OUrnNalist

=4

~%7 secretary
Mmodel

J ; . chess
i § > e T R theology
+0 i medicine

; 7 o o
- / e b S - rdance
S waitress | ~ ballet
e hostess
feminist
5 e

AArnursing

LG

I | I | I I | I | I |
1860 1880 1900 1920 1940 1960 1980 2000 1860 1880 1900 1920 1940 1960 1980 2000
The top 150 “he” and “she” completions in years

from 1860-2018 are shown with the y position
encoding he_logit - she_logit. Run in Colab —

Born in $year, his name was

Born in $year, her name was

francis
oscar
~~christian

jean

rose

alice
elizabeth

| | | | | | |
1860 1880 1900 1920 1940 1960 1980 2000



Simulation of Relationship
Outcomes

2304.03442v2 [cs.HC] 6 Aug 2023

arXiv

Generative Agents: Interactive Simulacra of Human Behavior

Joon Sung Park
Stanford University
Stanford, USA
joonspk@stanford.edu

Meredith Ringel Morris
Google DeepMind
Seattle, WA, USA
merrie@google.com

Joseph C. O’Brien Carrie J. Cai
Stanford University Google Research
Stanford, USA Mountain View, CA, USA
jobrien3@stanford.edu cjcai@google.com
Percy Liang Michael S. Bernstein
Stanford University Stanford University
Stanford, USA Stanford, USA
pliang@cs.stanford.edu msb@cs.stanford.edu

[Abigail]: Hey Kiaus, mind if
I join you for coffee?
[Klaus]: Not at all, Abigail
How are you?

-
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Figure 1: G ive agents are lacra of human behavior for interactive applications. In this work, we demonstrate
agents by populating a sandbox iniscent of The Sims, with twenty-five agents. Users can observe

and di

and intervene as agents plan their days, share news, form

ABSTRACT

Believable proxies of human behavior can empower interactive
applications ranging from immersive environments to rehearsal
spaces for i ication to p ping tools. In
this paper, we introduce generative agents: computational software
agents that simulate believable human behavior. Generative agents
wake up, cook breakfast, and head to work; artists paint, while

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copics are not made or distributed
for profit or commercial advantage and that copies bear this notice and the fullcitation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
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© 2023 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-0132-0/23/10.

https:/doi.org/10.1145/3586183.3606763

group

authors write; they form opinions, notice each other, and initiate
conversations; they remember and reflect on days past as they plan
the next day. To enable generative agents, we describe an architec-
ture that extends a large language model to store a complete record
of the agent’s experiences using natural language, synthesize those
memories over time into higher-level reflections, and retrieve them
dynamically to plan behavior. We instantiate generative agents
to populate an interactive sandbox environment inspired by The
Sims, where end users can interact with a small town of twenty-five
agents using natural language. In an evaluation, these generative
agents produce believable individual and emergent social behav-
iors. For example, starting with only a single user-specified notion
that one agent wants to throw a Valentine's Day party, the agents
autonomously spread invitations to the party over the next two
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Memes and Political Compasses as
Personality and Relationship Outcome
Manifold Communication Tools

Psychoanalysis of men based on who they prefer:




Generalize Political
Compass Memes

These can be used as new
archetype communication and
explanation tools

People will mostly remember,
use, and popularize insights
based on how easy it is to do
so and (much less so) how
useful it is to do so
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Communism
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Democracy
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Socialism
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Authorit-
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Conser-
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Capitalism
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Activism
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Individ-
ualism

Syndicalisst  Mutualism

Anarchism




Current Political Compass

universalist

Monetary Theory
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Game Theory

P build

distribute
Critical Theory

Evolutionary Theory
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Authoritarian

There may also be temporal cycles through the manifold
| A
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Wow, there are some really underserved

people in our communities. We need to do 19
better by them, there's no reason people
should go without in a land of plenty...

Either we kill all social-dominance
heirarchies or they will kill us first.
Here's a pamplet.

The CIA did WHAT??2222?22?

\J

Authoritarian
Oh, politics are a
15 thing! Go America and
Jesus, right Mom and
Dad?
17
Capitalism may have its pitfalls, but if we just
- gotrid of the two-party system and reformed
campaign finance, I'm sure everything would
turn out okay.
> Left q Right
2017
.L L
\\
N\
2018 X%
"™N10
202 019
. - -
Libertarian



The Shapes of Stories
by Kurt Vonnegut

urt Vonnegut gained worldwide
fame and adoration through the
publication of his novels, includ-

ing Slaughterhouse-Five, Cat's Cradle,
Breakfast of Champions, and more.

But it was his rejected master’s thesis in
anthropology that he called his prettiest
contribution to his culture.

The basic idea of his thesis was that
a story's main character has ups and
downs that can be graphed to reveal the
story’s shape.

The shape of a society’s stories, he said,
is at least as interesting as the shape of
its pots or spearheads. Let's have a lock.

Designer: Maya Eilam, www.mayaeilam.com
Sources: A Man without a Country and
Paim Sunday by Kurt Vonnegut

©

=)

Boy Meets Girl From Bad to Worse ll Which Way Is Up?

The main character gets intotrouble ~ The main character comes across
then gets outof itagainand ends up  something wonderful, gets it, loses
it, then gets it

better off for the experience.

Arsenic and Old Lace

Harold & Kumar Go To
White Castle

Creation Story Old Testament

Ul

In many cultures’ creation stories,

(o)

The main character starts off poorly
then gets continually worse with no

‘The story has a lifelike ambiguity
that keeps us from knowing if new
good or bad.

Jane Eyre

Eternal Sunshine of the
Spotless Mind

hope for

. The Metamorphosis

ﬁ ‘The Twilight Zone

New Testament Cinderella
oG o

humankind receives incremental
gifts from a deity. First major
staples like the earth and sky, then
‘smaller things like sparrows and cell
phones. Nota common shape for
Western stories, however.

gifts from a deity, but is suddenly
ousted from good standing in a fall
of enormous proportions.

Great Expectations

gitts from a deity, is suddenly
ousted from good standing, but
then receives off-the-charts bliss.

Great

- Hamlet
ﬁ The Sopranos

It was the similarity between the
shapes of Cinderella and the New
Testament that thrilled Vonnegut
for the first time in 1947 and then
over the course of hislife as he
continued d give

Dickens’ alternate ending

lectures on the shapes of stories.
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This implies we can also
Influence transitions from
one coordinate to
another, by knowing what
worked for different

Economic-

Economic-

people in the same Left
coordinate
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Risk of being cancelled on Twitter for your
political views

Different types of labels
over manif0|ds B Highrisk | Moderate risk Small risk [ Little risk

Economic-
¢ Left

(potentially outdated model of twitter cancelation?)
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Based on the book
“King, Warrior, Magiian, Lover™
by R. Moore and D. Gillete.

Political Compasses Collapse Into Male Archetypes

Archetypes When Clustered T T

Magician

The Magician is a master of healing, ceremony
and initiation. He unites the intutive and logical
aspects of his mind. He knows how to direct and
use the energies of body, psyche and nature in
beneficial ways. As a scientist and shaman,

he dives deep into the mysteries

The Warrior is 2 master of his own will power.
Fear and death are his teachers.

His life has purpose, discipline, intent
and direction. He acts in service
to a higher goal and can use heaithy
aggression to protect what he loves.
He is humble because he knows
his boundaries and limitations.
His focus is clear and detached.

\\ He accepts the challenges of
life and keeps 3 peaceful
and solution-oriented
attitude, especially in
times of crisis.

of the outer and the inner worlds,
to find answers for his people.
He is a storyteller, who makes

available to others.

Robert Moore's King, Warrior, Magician, Lover Pyramid
with active and passive poles

Masochist Sadist

Tyrant

others. He does not want to offend,

ip y to know. He
power be lindly ‘damage or destroy. To maintain
His mind is cut off from his heart. innocent. ies hi is harmony at afl costs, he is submissive
To get what he wants, he uses fies and knowled Heuses i nd
false ir ion. His fear creates a s 8Y i asense of boundaries.
disempowered. dasires. the workd. as purely bad or evil.

Lover

‘The Lover lives in the present moment. He freely allows
the flow of his emotions and the sensuality of his body.
He is attractive, healthy, potent, playful and creative.

The King is the central archetype that unites all
others, He is the soul, the father, the chief
and chosen leader. He embodies the light
of the sun, the sacred mountain, divine
law and order. His fertility and strength
bring blessings and abundance to
the land and his people.

He sacrifices his individual goals

and mystical union with all life around him.
He seeks love, beauty and pleasure.
\ His animal side is integrated.

Magician

He is the artist, poet,

to live 3 life in service, singer and dancer who
His benevolence, fairness and expresses all of himself
‘without inhibitions.

support lay the foundation

for a healthy culture, or shame.

Detached

The a it | i The Addict avoids his emotions. He tries The Depressed is stuck in painful
manipulator ! o W cociener o oo ;
o channel for divine creative power, he ‘what to do. He is full of drugs o his ways. behind
inflates his it l i i is o reach the“eternal orgasm’™. His. indifference. His apathy cuts him off
Addict Impote nt unconscious search for wholeness from the joys of ife. He feels seperate
N . to his i il = i and isolated. His kbido is low.

© Yannick Do - ww Sresthesnt ok
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People do
this with
emotions too




Can we make an
automated Buzzfeed
based on real data
science on human
personality?

Pooh Pathology Test

Your Pooh Pathology Results Are:

Your strongest result was Piglet.



Books can predict
location on the manifold
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New Friend Discovery

Candldate [
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The Structure of Romantic and Sexual Relations at "JefTerson High School”
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Each circle represents a student and lines connecting students represent romantic relations occuring within the 6 months
preceding the interview. Numbers under the figure count the number of times that pattern was observed (e we found 63
pairs unconnected to anyone ¢lse)

Researchers develop algorithm
to maximize friendship
acceptance by strangers on
social networks

by Bob Yirka, Phys.org

The running example. Credit: arXiv:1302.7025

(Phys.org) —A small team of computer scientists
from Taiwan, the U.S. and China has developed
an algorithm that aids a desire to manipulate an
unknown social network user into accepting a
friend request. The idea, as they describe in their
paper they've uploaded to the preprint server
arXiv, is to offer intelligent suggestions of other
people to friend to create a mutual social circle
of friends, which will increase the odds of the
ultimate target agreeing to a friend request.



Will this always work perfectly? No, but it can offer improvements.




Attractiveness

| want people to have to upload several profile pics including the ugliest one of
them they can find. Run the pictures through a model that determines facial
attractiveness and if the values between the best and the worst aren't at least

three points different make them keep uploading

People are a spectrum of attractiveness themselves



“Even at the person-to-person level, to be universally liked is to be
relatively ignored. To be disliked by some is to be loved all the more by
others. And, specifically, a woman’s overall sex appeal is enhanced when

some men find her ugly.”
— Christian Rudder, Dataclysm: Love, Sex, Race, and Identity--What Our Online

Lives Tell Us about Our Offline Selves



Maybe
people’s ex's
can tell us
what's bad
about them =

, SO We can see
what unique
things may
make them
likable

“In any group of women who are all equally good-looking, the number
of messages they get is highly correlated to the variance: from the
pageant queens to the most homely women to the people right in
between, the individuals who get the most affection will be the
polarizing ones.”

— Christian Rudder, Dataclysm: Love, Sex, Race, and Identity--What Our Online
Lives Tell Us about Our Offline Selves



What if we were able to flag people who seem to be interested in
both shallow and relatively unrealistic dating criteria and like, either
heaven or shadow ban them

Or show them for people who meet their criteria which people they
talk to and how oneself compares on objective measures to those
people

Like "Hey Kyle, we noticed you are only selecting for women who
have a facial attractiveness score of 7 or higher. This represents the
top 40% of women. Based on your combined desirability score, you
are in the 65th percentile. Would you like us to show you exclusively
women in the same desirability score, and show you the average
desirability scores of men that women who meet your criteria match
and show interest in?



We can now generate
the manifold of all
looks, and have
people label their
attraction over that
manifold, to learn
boundaries of what
they do/don't like.

We should make that
a filter on dating sites!




Embeddings
capture the
information
about the
images they
embed

@ Red: Asian Female

) Cyan: Indian Female
@ Purple: Black Female
@ Black: White Female

() Orange: Asian Male

@ Blue: indian Male
Pink: Black Male

@ Green: White Male
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Full lips Heavy upper lips Wide lips
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Prominent jaw Receding jaw Diamond Pear (Daumier)

jeffsearle.blogspot.co.uk




After we train an aesthetic model on the person’s preferences we could then get
the average embedding of their highest rated things and run clip interrogator on it
to describe our hypothesis for their preferences.

| wonder if the first round should involve them uploading photos of their ex's and
crushes and denote if the attraction was mutual and then rank and rate them

Could quickly bootstrap preferences and show potential upper bound on their
personal attractiveness level



The Aesthetic Scoring
Model That Made Stable
Diffusion Beautiful in 2022

http://captions.christoph-schuhmann.d
e/aesthetic viz laion sac+logos+avai
-114-linearMSE-en-2.37B.html



http://captions.christoph-schuhmann.de/aesthetic_viz_laion_sac+logos+ava1-l14-linearMSE-en-2.37B.html
http://captions.christoph-schuhmann.de/aesthetic_viz_laion_sac+logos+ava1-l14-linearMSE-en-2.37B.html
http://captions.christoph-schuhmann.de/aesthetic_viz_laion_sac+logos+ava1-l14-linearMSE-en-2.37B.html

Beauty Score

Asian
female

Asian
male

Caucasian
female

Caucasian
male
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Fig. 1: Generated faces. Each row has the same latent vector but is conditioned on a different beauty score (left to right - least
attractive to most attractive). The generated sequences reveal human preferences and biases: for example, older appearances
turn into younger ones, masculine faces turn into feminine, and darker skin to brighter.



ams Sangwon Jeong

m Vanderbilt University Computer Science. Ph.D.
Student 2021~

@ Public Artificial Intelligence By @& Sangwon Jeong Edited Sep 17 3 forks Comments locked 12 stars

Interactively Assessing Disentanglement
in GANs

Sangwon Jeong, Vanderbilt University

Shusen Liu, Lawrence Livermore National Laboratory

Matthew Berger, Vanderbilt University

Our paper was published in Eurovis 2022. Link to access the paper.

https://onlinelibrary.wiley.com/doi/pdf/10.1111/cgf. 14524



Where In latent

space does

attraction begin

and end?
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DIRECTION: BIG LIPS (Z)

Axes

Eyeglasses

Wearing Hat

Wearing Lipstick

Straight Hair

Smiling

Young

Mouth Slightly Open




lil piss baby @11 \
any of my followers look like this?

lil piss baby

one time i was really manic and i paid a
“psychic” on etsy $30 to draw my soulmate




Beautified
B+ 0.2 B+0.3

Fig. 2: Beautification of real faces. Left column are the input real faces. To the right are the beautified images with an increasing
beauty level (ﬁ is the recovered real face beauty). For ﬂ + 0.1 we observe reasonable beautification. When further increasing
the beauty level it seems that the person identity is not preserved. For privacy and ethical reasons, we refrain from displaying
the real faces together with their predicted beauty scores.



So what if basically we got vectors for peoples looks, and their personalities, and their lifestyles, and
the got for each person weights that show how much they like each of those components (which
looks they like, which personalities they like, which lifestyles)

And then we let them search while deciding how much weight to give to each of those components

What's more, we can tell how for each vector a person has how universally appealing they are across BRAD Pl I I

people

JONAH HILL PHILIP SEYMOUR HOFFMAN
And let someone when searching decide how much they want to factor in universal appeal versus

ones they've been specifically measured to like THIS FALL
| got this idea from the laion5b search aesthetic scoring ticker, that let's you filter not just by cosine

sim to your query, but also general aesthetics, | think we could make a general appeal score for

people, as well as one for each individual

Might be enlightening for people to see who they value the most that is the least valued by others, so
they can strategize on how to get traits uniquely valuable to them in a partner




QOVES

Laura is 24 and has always
felt insecure about her nose.
She feels that it is too big and
is seeking advice before any
surgery.

We find that her nose is in
normal proportions for her
ethnicity, her weak chin
makes it appear larger
unnaturally.
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Wheat Waffles
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SMART 88  SMART 61 SMART 69 SMART 66
TRUSTWORTHY 88  TRUSTWORTHY 72 TRUSTWORTHY 80  TRUSTWORTHY 75
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SMART 87 SMART 61 46 SMART 30
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TRUSTWORTHY 71 TRUSTWORTHY 63 TRUSTWORTHY 50 TRUSTWORTHY 30 Reddit - r/IncelTear
— —— — —_— @ 110+ s 1 :
ATTRACTIVE 62 ATTRACTIVE 8 ATTRACTIVE 8 ATTRACTIVE w0 comments - 1 yearago :

Just got rated a 4/10 by Wheat Waffles : r/IncelTear

Wheat Waffles is a failed pizza delivery boy who puts people down for money. He has as much

business rating male attractiveness as OceanGate does designing ...
fiverr | Show results with: fiverr
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Cultural Types:
The Lewis Model

France, Poland,
Lithuania

Belgium

Australia, Denmark,
Ireland

Austria, Czech Republic,
Netherlands, Norway,
Slovenia

U.S.A.

Germany,
Switzerland,
Luxembourg

LINEAR~-
ACTIVE

U.K.

Linear-active, multi-active,
reactive variations

Brazil,

Hispanic America,
Chile

Argentina, Mexico

Italy, Portugal,
Spain, Greece,
Malta, Cyprus

Sub-Saharan Africa

Saudi Arabia,

Russia
: Arab Countries

Slovakia

Key:

linear-active - cool, factual,

Indonesia, Malaysia,

isive planners i
decialve:pia Philippines
red multi-active - warm, emotional,
loquacious, impulsive Korea,
Thailand

reactive - courteous, amiable,
accommodating, compromiser,

good listener

Finland, Canada Singapore Taiwan, Japan
Estonia Hong Kong

Vietnam

Sweden,
Latvia
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Italian, Chinese and Japanese cuisines are the world’'s most popular
% of people who have tried that cuisine in each country that say they like it

IS ) NS QR ) ‘e

5 S ST S8 NS S NS EIEAIES
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Italian cuisine | 90 89 90 81 87 81 91 87 80 93 88 83 92 74 72 89 86 94 78 99 70 69 59 85|84
Chinese cuisine |88 94 86 87 69 91 86 81 7/ 80 84 77 74 74 73 78 73 71 54 62 57 80 95 88|78
Japanese cuisine | 90 194 74 (92 58 93 57 63 57 70 74 61 66 73 8l 58 61 57 43 62 72 90 54 94|71
Thai cuisine | 76 |91 85 76 61 84 75 77 65 70 68 74 78 91 75 68 73 56 31 52 51 98 44 48]70
French cuisine |82 79 70 71 71 73 68 74 70 96 69 74 79 58 72 62 68 70 63 60 46 62 63 68|70
Spanish cuisine |86 68 74 62 67 67 80 79 58 87 79 8l 82 44 45 70 74 98 56 87 36 39 38 64]68
American cuisine |93 83 68 76 75 62 70 69 75 56 91 68 63 65 71 53 70 49 66 54 66 73 51 57|68
Mexican cuisine |86 72 77 62 71 54 76 81 70 78 86 84 77 51 46 71 78 72 64 77 38 54 42 51|67
Indian cuisine |55 77 74 60 71 48 84 71 93 71 55 75 67 70 44 62 67 52 76 57 49 27|26 63|62
Turkish cuisine | 61 63 71 49 77 45 67 68 56 62 43 62 65 58 47 64 50 53 85 47 65 32 47 39|57

Korean cuisine | 87 86 66 74 50 78 43 45 42 45 58 43 48 66 81 45 32 36 29 32 63 78 52 66|56 O
Greek cuisine |57 49 |77 48 55 47 74 |77 46 75 69 75 85|31 32 79 69 62 51 71 27|23 32 22| 56 E
Vietnamese cuisine |66 67 75 63 39 77 53 55 42 74 59 56 54 4596 57 63 38 |18 36 34 67 37 44|55 é
Hong Kong cuisine |80 91 68 78 45 93 60 38 51 44 50 37 29 54 68 39 33 38 |22 35 47 68 68 53|54 E
German cuisine | 59 64 63 62 47 65 51 63 49 51 63 52 57 35 51 87 37 43 38 40 37 54 45 46|52 ¢
British cuisine |70 76 71 50 63 61 91 49 68 28 49 45 35 65 61 25|27 26 52 32 58 44 43 20|50 L‘)
Taiwanese cuisine | 68 |87 59 96 42 88 37 37 42 46 48 31|25 49 62 41 28 36 |24 32 40 54 64 66]50 ]S
Singaporean cuisine | 72 |96 75 68 53 73 55 31 62 |31 34 34|24 74 64 3329 27 26 29 55 52 54 33|49 E‘
Indonesian cuisine | 59 84 71 49 47 46 54 43 48 44 39 43 44 80 39 50 44 34 46 35 97 26 31 32|49
Malaysian cuisine |65 91 76 61 52 67 58 40 56 35 34 35 30 97 44 34 32 |24 37 |21 66 34 41 25|48 3
Australian cuisine | 74 74 89 49 52 58 52 47 59 35 43 41 34 54 57 36 42 |27 32 35 41 48 41 |28]48 B
Moroccan cuisine |50 49 65 44 63 38 66 49 50 81 47 48 51 45|26 42 44 53 67 50 39 25| 34 E 48 k
Lebanese cuisine |40 50 71 35 82 31 58 42 54 67 47 48 67 43 |26 35 39 43 84 45 32 22| 31 @l 46 Ff
Caribbean cuisine |63 50 55 46 47 39 66 57 50 54 68 54 48 |31 35 50 44 54 33 49 |21 29 30 22|46 3;

Brazilian cuisine | 59 45 56 43 48 41 49 47 49 58 55 48 40 26 47 49 42 56 39 66 28 29 42 33|46
Swedish cuisine | 50 63 47 49 44 48 47 68 48 41 48 62 92 36 40 42 29 30 35 33 27 29 34 18|44
Argentinian cuisine | 55 35 53 42 45 36 46 42 43 54 48 54 41 24 35 60 45 77 |29 6
Danish cuisine | 51 48 47 39 39 40 42 56 41 35 41 67 62 33 40 36 85|20 29
Emirati cuisine | 51 43 43 48 84 |28 |23 22| 63 30 |23 24 22| 51 49 |27 18|27 71
Norwegian cuisine | 47 48 39 41 41 42 31 52 38 40 38 81 41 31 36 33 27 27 26
Filipino cuisine | 97 41 56 35 48 (29 29 37 39 31 45 40 25 33 38 38 3026|2525 29 25 29
Saudi Arabian cuisine | 47 42 41 33 67 30 18 21 60 29 24|20 /22| 66 28 24 22 28 89
Finnish cuisine | 47 37 37 33 35 38 2394 39 33 27 28 36 26 39 26 18] 26
Peruvian cuisine | 47 |33 44 33 37 31 27 30 39 39 44 30 273 37|28 21 50 |25
674 1661 165 K57 157 (57 §56] 1561 F551 155] §641| K641 [624 #5652 F524 [50) K47/ FAG | F46)

42

AVERAGE ATTITUDE TOWARDS CUISINES BY NATION
Nations most likely to enjoy foreign cuisine Nations least likely to enjoy foreign cuisine
—_— _—

You



ender Differences

Swiping and Dating Preferences

Gender divides in sex and relationships
| ROB HENDERSON
9 JUL 23, 2023

Q 358 O 50 & 42 Share




College-Educated Women Report Greatest Difficulty Finding Someone Who
Meets Their Expectations

Percentage of single Americans who say "not being able to find someone who meets their expectations" is a major reason
they aresingle. ..

[ Major Reason [l MinorReason = Nota Reason

High School or Less
Men

Women

College Educated
Men 31

Women 25

Note: Figures may not total 100 percent due to rounding.
I Survey Center 9 Y P g

.\ﬁ on AmericaniLife Survey of US adults [N = 5,055).

> Source: American Perspectives Survey, January 2023.

Height Matters More To Women Than It Does To Men

5 : : : Young Women Report Less Interest in Dating
Percentage of Americans who said they would be less likely to date someone whois.. . .

Percentage of single Americans age 18-29 who say they are . . .

Much Shorter Much Taller Interested in Dating Not Interested in Dating Casually Dating

ab ) sirvvcansr Note: The categories "Interested in Dating" and “Not Interested in Dating" represent people who are not currently dating.
Ll

enter. Survey of US adults [N = 5,055].
s of US adults [N = 5,055 on American Life
of US adults [N = 5,055] Y Source: American Perspectives Survey, January 2023.

Survey Center No!
— on American Life Source: American F

spectives Survey, January 2023



Health

" Women rate
Kindness 4 | health,

kindness,and [
intelligence T

Intelligence | | slightly higher

L . . 0;;,%. <«_| Men rate physical
Physical Attractiveness - L attractiveness higher
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s s a
societies rate
. : good financial A P
Good Financial Prospects : )r
prospects higher . ¥
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Prevalence in population

(b)

Examples of dynamics of female
preference and male traits
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Relationship Readiness
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10 Types of 30-Year-Old Single Guys

fh October 9, 2013 By Tim Urban

30-year-old guys are a curious bunch.

Find me a group of 30-year-old men and I'll pick out one overgrown frat dude living with roommates,
another guy who just dropped his two kids off at school, a few who are well into their careers and a
couple soul-searchers looking for work. Some will tell you that they've finally figured it all out and some
more will say they feel hopeless for the first time in their lives. It's a motley crew.

But perhaps the motliest part of this crowd is the ever-growing group of 30-year-old single quys. If you
want a case study in humanity, 30-year-old single guys have pretty much all the bases covered. Let's
examine some of the common types:

1) The Total Package

3) The Guy Who Has To Marry Someone Of The
Same Ethnicity Or His Parents Will Never Speak
To Him Again

2 M

be your ife partner re reasy not making
He . but after his last In s parents
house, causing her to cry, ne gave up on that.

appreciate i1t

4) The Misogynist

3

e ——

and women nate The Misagynist
gender but he

days when many Jes oh

butlately, oniy

7) The Normal Guy Who Just Hasn't Met The
Right Girl Yet And He Really Wishes People
Would Stop Looking At Him With Those Pitying
Eyes

ah, 5
Job, he lkes his fr e rusntoteina
netl
y fgure out 57HS

never 0 ask him f His friencs
warnt to hel y
buthealso ped tinking
With him,

8) The Aggressively Online Dating Guy Who Can't
Believe He’s Not Married Yet

71

s petual Cneatec y
other

5) The Guy Who Peaked Too Early

BackIn the day, ¥ y v dreamot.
3 ne
anded a smart, sweet, beautiful giifrlend in s early 20s. But The Guy Who Peaked Too Early was Just

rted. There was a fless
was 24.

s nair 3 e

Marri twenties, he was
‘ahways The Guy WIth A Giflfriend. He spent years enjoying pltying hs single friends, and somehow, he's
now 30 and singl.

He nas four online dating profies, nes
USE 00 Busy WITh s career right now for a relationship.

9) The In-The-Closet Guy

The in-Tne-Coset Guy s catch—hes handsome, 1, and he
has a great ob. Hes funny, articuate, and charming. The onlytiny e Incorenience I hat hes not
atracted to females whatsoever.

conversation Ana ng tat girs
thatInto him anymore. Realzing this 3bout flve years after everyone else, he takes a deep sigh and
cranis s standards down a few blg noIches.

6) The Guy Who's Finally a Good Catch

Tt

e E,
him Being gay, since he's complerely straight and, for the hundredth time, Just hasn met the right gir
yetand s really very okay wih being single right now.

10) The Guy Who Has Just Fully Quit At This Point




Compatibility & Relationship
Outcomes
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Some already try
to predict
relationship
outcomes with
more limited
personality
embedding
spaces

| Type Relation and Compatibility |

[ The Analyticals

The Sentinels |  The Negotiators | The Artisans |

ENTJ) |[ENTP

ENTJ

INT] |INTP |EST) |ESF

ENTP |

INT)

I1ST) |ISF) |ENF) | ENFP

INFJ |INFP |ESTP |ESFP [ISTP |ISFP

INTP

EST.
ESF
IST,
ISF
ENFJ

ENFP

INFJ

INFP

ESTP

ESFP

ISTP
ISFP

-

Ideal Match: Problems resolved easily, Growth occurs naturally.

Strong Match: Hardships will require some compromise.

Potential Match: Shared values needed to transform into strong match.

Conflictive Match: Needs compromise and maturity to sustain growth.

Least Ideal Match: Both partners must compromise and empathize.

Type |Most Ideal

ENT

Potential Matches

Least Ideal

ENFP |INF] |INT) |ENF)

ESF) |INF)

INTJ |INFP ENF] |INTP

' |INF)_[ENFP

ENTP |ISTP |ENF)] |INT)

IST)

ENT)] |ENFPIENTP |INTP

ENFP [IST) |ISF)

INFP_|IST)

ESF] |ESTP|ISFP

INTP_|EST] |ESF)

EST) |INFP|ESF)

> [ENF)_|[INFP
"[INFJ_[INT)

ISFP_|ENTP|INT)

ENT] |ISFP |ENFP

_'ENFP ENTP

INT] |ENT] |INF)

ISF) |ISTP

ENTP |INFP | ISF)
IST) |ESF) |ESTP

15T)

ISF] |ISFP |ISTP

EST)
INFP
INE
ENTP
ENFP
INFP_| ESTP |ESFP
ISTP.
ESFP
INTP
ENT]
ENF)
ISE]

ESFP_|ESTP |INT) |ISTP

) |ENF) |ESF)

INF] |ESFP |ISFP |ESTP




The Friendship Subset Hypothesis

The idea: All relationships are just a subset of friendship

Therefore: The personality traits of people’s friends are great indicators of the
personality traits they would be compatible with in nearly all relationships



Storge — empathy bond |[edit] Gl 20578

Storge (storgé, Greek: otopyn) is liking someone through the fondness of familiarity, family members or people who relate in familiar ways that have
otherwise found themselves bonded by chance. An example is the natural love and affection of a parent for their child. It is described as the most natural,
emotive, and widely diffused of loves: It is natural in that it is present without coercion, emotive because it is the result of fondness due to familiarity, and
most widely diffused because it pays the least attention to those characteristics deemed "valuable" or worthy of love and, as a result, is able to transcend
most discriminating factors. Lewis describes it as a dependency-based love which risks extinction if the needs cease to be met.

Affection, for Lewis, included both Need-love and Gift-love. He considered it responsible for nine-tenths of all solid and lasting human happiness. 8!

However, affection's strength is also what makes it vulnerable. Affection has the appearance of being "built-in" or "ready made", says Lewis, and as a
result, people come to expect it irrespective of their behaviour and its natural consequences.®! Both in its Need and its Gift form, affection then is liable to
"go bad", and to be corrupted by such forces as jealousy, ambivalence and smothering.!'°!

Philia — friend bond [ edit]

Philia (Greek: ¢t\ia) is the love between friends as close as siblings in strength and duration. The friendship is the strong bond existing between people
who share common values, interests or activities.[!] Lewis immediately differentiates friendship love from the other loves. He describes friendship as "the
least biological, organic, instinctive, gregarious and necessary...the least natural of loves".I'2] Our species does not need friendship in order to reproduce,
but to the classical and medieval worlds, it is a higher-level love because it is freely chosen.

Lewis explains that true friendships, like the friendship between David and Jonathan in the Bible, are almost a lost art. He expresses a strong distaste for
the way modern society ignores friendship. He notes that he cannot remember any poem that celebrated true friendship like that between David and
Jonathan, Orestes and Pylades, Roland and Oliver, Amis and Amiles. Lewis goes on to say, "to the Ancients, Friendship seemed the happiest and most
fully human of all loves; the crown of life and the school of virtue. The modern world, in comparison, ignores it".

Growing out of companionship, friendship for Lewis was a deeply appreciative love, though one which he felt few people in modern society could value at
its worth, because so few actually experienced true friendship.!'3!

Nevertheless, Lewis was not blind to what he considered the dangers of friendships, such as its potential for cliquiness, anti-authoritarianism and pride./'#!

Eros — romantic love |[edit]

Eros (eros, Greek: £pwg) for Lewis was love in the sense of "being in love" or "loving" someone, as opposed to the raw sexuality of what he called Venus:
the illustration Lewis used was the distinction between "wanting a woman" and wanting one particular woman — something that matched his (classical)
view of man as a rational animal, a composite both of reasoning angel and instinctual alley-cat.['5!

Eros turns the need-pleasure of Venus into the most appreciative of all pleasures;'®! but nevertheless, Lewis warned against the modern tendency for
Eros to become a god to people who fully submit themselves to it, a justification for selfishness, even a phallic religion.[”]

After exploring sexual activity and its spiritual significance in both a pagan and a Christian sense, he notes how Eros (or being in love) is in itself an
indifferent, neutral force: how "Eros in all his splendour ... may urge to evil as well as good".!"8] While accepting that Eros can be an extremely profound
experience, he does not overlook the dark way in which it could lead even to the point of suicide pacts or murder, as well as to furious refusals to part,
"mercilessly chaining together two mutual tormentors, each raw all over with the poison of hate-in-love".['°]

Agape - unconditional "God" love |edit]

Charity (agdpé, Greek: ayarm) is the love that exists regardless of changing circumstances. Lewis recognizes this selfless love as the greatest of the four
loves, and sees it as a specifically Christian virtue to achieve. The chapter on the subject focuses on the need to subordinate the other three natural loves
— as Lewis puts it, "The natural loves are not self-sufficient"2% — to the love of God, who is full of charitable love, to prevent what he termed their "demonic"
self-aggrandizement.[21122]



Relationship Outcome Prediction

Creative Collaboration Friendship and Trust ’ Creatwe Spark Collaboration

S /

Initial Connection First Red Flags Support from User

\. R

Emergence of Concerns Control and Manipulation

’ Escalating Accusations Manipulation ‘

~__

/

Escalation of Tension ‘

‘ Independence and lntegnty Autonomy

D

Assertion of Boundaries Ultimate U

ltimatum

S

Relationship

Breakdown




Pitching The Match

_For what values of r will the frequencies
" 220 Hz and rx220 Hz sound nice together?

Q

A: When r is a rational number

with sufficiently low denominator

“When people wrote dating profiles to attract potential romantic partners,
they more strongly expressed their desire to be known than to know their
potential future partner.

Yet, readers of these profiles were more attracted to those who professed
interest in knowing them.”

Highlights

* Feeling known predicts relationship
satisfaction more than the feeling of
knowing.

» Feeling known is important because
people seek partners who support them.

* People emphasize the desire to be known
when seeking relationship partners.

» Potential partners are more attracted to
those who want to know them (vs. be
known).

| e




If we did have a magical box that gives us for each person a list of exactly how "good" of a relationship
they're statistically likely to have with that person and how that person will experience them, would
the product just be selling that list?

| think then you have to consider last mile delivery of the relationship, you can make or break even
the best opportunities
| think considering what in person activations might look like is important




Relationship Outcome
Improvement

“Statistics can't tell us what will happen, they can only tell us what
might happen.”

— Christina Lauren, The Soulmate Equation



Can personality and
relationship embeddings
help us systematically
identify and solve
relationship conflict areas
and direct them towards
regions of better
outcomes?

@ Grant Slatton &
I have a theory that a lot of relationship problems basically boil down to 2
categories:

1. Not prioritizing partner's needs (selfishness)

2. Partners don't have good models of each other's minds (skill issue)

We talk a lot about #1 but not enough about #2
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thepresentpsychol... -

Amsterdam, Netherlands

GOTTMAN'S FIVE TYPES OF COUPLES
”

g Fb These couples focus on shared interests
B / and try not to connect or persuade on

- conflicting areas. Overall quite happy.

! A
These couples are very emotional and try f

to persuade each other with passion and
arguments without being disrespectful.

These couples interact in a calm way, are
supportive and empathetic. When conflicts
- happen they compromise and are mild.

ﬂ

These couples are highly defensive, and
have criticism for their partner. Both only
focus on their own perspective.

L}

/ These couples are emotionally detached

and stuck in a standoff. Negativity is not
= Ma regulated, in conflict one withdraws.

@THEPRESENTPSYCHOLOGIST



"I'd love to chat, but ..."

"It's absolutely difficult emotionally, but ..."
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Figure 3. The expectation-reversing effects of the conjunction “but”. (a) Predicted quantile trajectories for four partially
completed sentences show how the word “but” reverses the sentiment for preceding text, which can be of positive, negative or
neutral valence. (b) The predicted valence for the preceding text (x-axis) and for the word “but” (y-axis) are shown for these

four examples (red encircled points) against a backdrop of validation sentences. The significant deviation of these points away
from the identity line shows the prevalence of this sentiment-reversing effect. To confirm that the transitions from neutral to

positive or negative valence were also accurate (i.e., the cloud of points at center), a calibration analysis (showing a maximum
absolute error of 1.8%) was performed. (c) The word “but” can also anticipate more subtle emotions, such as determination and

providevexamlples of using these predictors for anélyzing sentencés, iIIustratiﬁg, for iﬁstance, how even ordinary conjunctions
(e.g., “but”) can dramatically alter the emotional trajectory of an utterance. We then show how to exploit the distributional



It makes me look nervous, like Iam hiding something.
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Figure 4. Variance in the distribution of sentiment across tokens. (a) Sentences were scanned for locations at which the
variance peaks (measured as the absolute value of the difference between the 25th and 75th quantiles), revealing words and
phrases that predict strong changes in sentiment but do not indicate the direction of change. (b) The 40 words that occur most
often at these peaks in variance include many textbook intensifiers, such as “so”, “really”, and “extremely”, as well more
colloquial ones, such as “honestly” and “genuinely”’; these words are sorted by the percentage of their (overall) occurrences that
are associated with peak variance. These context-sensitive predictions for variance could enhance traditional lexicon-based

analyses for the use of extreme language.



Negative Valence

I think this is a massive mistake by a very inexperienced group of administrators that should never happen again to an organization. r=-0.97

This week is really busy, and | have been really sick for several days due to some serious colds, as well as some very mild influenza-like symptoms. r=-0.92
Yesterday | went to school and my heart wasn't right and | felt empty inside. r=-0.96

My kids are being punished for the wrong reasons and it really bothers me. r=-0.98

I'm sorry that there was such a serious attack on innocent women and children. r=-0.96

Positive Valence

I think this is a very exciting project and I'm excited to be doing it. r=0.99

This week is really busy, but so far, the people working here have been incredible, it is really a wonderful feeling to be working here. r=0.99
Yesterday | went to school and was amazed to meet my fellow students and teachers, who were so happy to see me. r=0.99

My kids love Disney movies -- my daughters are obsessed with Frozen and we love it together. r=0.99

| am proud to be a part of a family that has made a huge impact throughout all of the country. r=0.99

Determination

I think this is my day to take a stand on this issue, and this is me standing up for my freedom of speech. r=0.72

This week is really busy, but we are working hard to continue and to achieve the goals we have set for this year. r=0.85
Yesterday | went to school and went to the gym, because | needed to gain some weight for the next competition. r=0.26
My kids have a dream, and they want to see us continue to serve and work to bring that dream to fruition. r=0.55

I will also put aside my doubts and do what is best for the country, my family and the people of Syria. r=0.81

Admiration

I think this is a great book by a great writer whose writing is as brilliant as that of any of his peers. r=0.84

This week is really busy, but thanks for all the support and kind words so far. r=0.18

Yesterday | went to school and | just looked up at the sky and looked at the sun in the middle of the sky, and it was just so beautiful and amazing. r=0.47
My kids loved his passion for the game and his heart for this team. r=0.67

| would describe her as a very thoughtful and empathic person. r=0.4

Annoyance

I think this is the point where | get irritated by liberals, that they like to play the victim. r=0.8

This week is really busy, and so we've been up all night writing emails, and doing the usual, but to the disappointment of many I've had to postpone sending those today. r=0.6
Yesterday | went to school and | was not happy with my clothes, my hat, my backpack, my shoes, my dress and my hair. r=0.52

My kids come home with nothing but problems, not to mention the damage to our car and our house - and yes, that includes our children's cars. r=0.72

I just have to sit back here and wait for you to do it... and by waiting for it, you obviously know when it's going to happen. r=0.72

Anxiety

I think this is a huge, very worrying sign of what's happening, and it isn't even just with the refugee crisis. r=0.68

This week is really busy, and I'm having a lot of trouble with this post! | hope that it will be ok. r=0.84

Yesterday | went to school and had to get my test results and papers out, | was so nervous, | was panicking. r=0.81

My kids' lives are so hard and exhausting and they don't have any time or resources to deal with it. r=0.36

I'm a little hesitant because it's going to be a tough job here at the moment... It's going to be tough for me to look after the kids. r=0.73

Figure 6. Examples of emotional text generated. Color is used to show re-weighted token probabilities; bright red indicates
upweighting by more than 1.5x (dark red means greater than 1.1x) and bright blue means downweighting by less than 66%
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Personal Improvement and
Readiness

“In nature, some seeds lie dormant in anticipation of the season most
conducive to their growth. This is true of art as well. There are ideas
whose time has not yet come. Or perhaps their time has come, but you
are not yet ready to engage with them. Other times, developing a
different seed may shed light on a dormant one.”

— Rick Rubin, The Creative Act: A Way of Being



Developmental What can be What one is
Stage/ seen as object subject to Underlying Structure of
Order of Mind (the content of (the structure of Meaning-Making
(typical ages) one's knowing) one's knowing)
-~ 7 7=~ _ | Single Point
1st Order: one's reflexes /| one's impulses, \ 5
Impulsive Mind ‘| perceptions 4
(~2-6 years-old) P L L R g
BT Categories
2nd Order: one's impulses, ‘| one's needs, “\ lo® %o
Instrumental Mind | perceptions . | interests, )
(~6 years-old through «| desires /
adolescence) P
>
3rd Order: PR S
Socialized Mind | one's needs, | interpersonal
(post-adolescence) | interests, \ | relationships, |
desires M mutuality 7
S
» —
4th Order: PR paat S
Self-Authoring interpersonal /| self-authorship,
Mind relationships, | | identity, I
(variable, if achieved) | mutuality ideology i
S
/7
12
5th Order: self-authorship, the dialectic
Self-Transforming | identity, between
Mind ideology ideologies
(typically, > ~40, if
achieved)

Adapted from Kegan, Robert. In Over Our Heads: the Mental Demands of Modem Life. Cambridge: Harvard
University Press, 1994. pp. 314-315.




Self-confidence
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Figure 2. Correlation pleiade of the parameter “love” (of the component value orientations) with other parameters of this
component

The obtained data show that if love is of value for a person, then he feels the need for joining up with the partner, wishes
close and trust relations, wants the performance of parental function together with the partner in the future. And thus he
rejects for himself independence and distance from the partner, which is confirmed by the negative correlation
relationships with such life values as freedom and self-confidence (moral certainty), with family activity areas such as
intimate and sexual and visual appeal.
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Love

Fame

Bi-Directional CONNECTIONS One-Directional
Deterministic ALGORITHM Probabilistic
Direct Pay BUSINESS MODEL Advertising
Private DEFAULT PRIVACY SETTING Public
Intense RELATIONSHIP QUALITY Casual
Active PARTICIPATION Passive
Community ATOMIC UNIT Creator
Reciprocity BASE PRIMITIVE Worship



Love vs. fame: A
framework for social

applications
Love Fanl®
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How Couples Met

Share of heterosexual U.S. couples
who met in the following ways

40% / 39% Online

o h h friends 33% /
Through friends o,
30% \

% 27% Bar/restaurant
25% - y . &
-Bar/restaurant 19%

20% At work 19% \ 20% Through friends

School/college 19%
15% Through family 15% “~Sg_ \
T~ 11% At work
0
105 S 9% School/college
504 ~ 7% Through family
Online 2%
0%

19895 2017

Survey of 5,421 adults. Other options: In church, in the neighborhood
Source: How Couples Meet and Stay Together surveys by Stanford University
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Right now, what is your ideal sexual relationship?
Data from the annual Singles in America (SIA) 2022, Match & Kinsey Institution
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® Seeking.com @ Hinge Bumble ® OkCupid @ eHarmony United States, 2/21/21 - 6/21/22
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Dating apps did not appear out of nowhere. They were an answer to "I hate the bar scene."
Movement of people destroys previous institutions and customs of finding a mate. Girls leaving the
farm to go work in the New England mills even a few towns away in the 1800s and living in boarding
houses experienced profound dislocations of how to find husbands. Going away to college, or
relocating after a war profoundly affected young men in the 1900s. Graduate school usually means
relocation for good now. But since 1970 the changes for both sexes have been profound, and
customs and institutions are still throwing darts at the map trying to find something that works.
Churches would love to help, but this is not what they are designed for.



How do we screen
existing healthy
users for their
CURRENT MOOD
and CURRENT
ATTITUDE to not
let them use the
app in a
lazy/disingenuous
way?

If you're sending
those messages
you're probably not
really looking for
love/maximally
engaged or on the
app right now for
the right reason or
have faith in the
quality of the match
and other user to be
worth the effort.

m r/hingeapp - 2 yr. ago Join e
by WeWooWeWooWeWooWe

After 3 Months of using Hinge this is what |
learned.

| (27M) want to preface that using hinge was actually the my first time getting into online dating.

| started hinge in the beginning of April and had some decent results. I'd say about 12-18 matches a month with
about 5 of those leading to first dates. I've had 4 total that led to multiple dates.

Things I've learned.

1. I'm sure there's a consensus in this forum but | do believe that hinge scores/places you into a bracket based on
who you match with how you match with them. Matches with roses seem to bump you up more than likes.

2. If you feel like you're swiping throyssieteiaiagl of people that aren't your type, adjust your "Maximum Distance"
by a mile or 2 that seems to refre Syl lin the algorithm to display new profiles.

4. Try not post pictures of you in sunglasses or anything that obscures your face.

5. If you get started on a good back and forth conversation with someone, shift out of hinge before the end of
that conversation. She's talking to couple other guys and you need to stand out. (I normally say something like"
hinge messaging is pretty buggy so you wanna shift over to txt or insta?"

6. You should definitely use hinge as a supplementary avenue for meeting new people. OLD does not reflect your
real world attractiveness. The endless amounts of ghosting, non-responses, and people telling you they are
going with someone else can really hurt your self image. Instead, use that confidence you have on hinge
towards people you like in social settings. Correct me if I'm wrong but | hear that your chances to get a date
when asked in person are MUCH higher than when done online.

I'm curious what the rest of y'all got from your hinge experience.
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simp 4 satoshi @ @iamginge...-6h
As we near AGl, you should be
incredibly bearish on SaaS
Does
Software is basically akin to
ChatG PT sandpapering a niche process. You
1 write code to make a pre-existing
JUSt becom € workflow smooth
the u Itl mate AGl just does any workflow. It doesn’t
d at| ng a pp? need a smooth environment.

B2B SaaS will fall first
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