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Lecturer at the Institute of Digital
Games, University of Malta.

Research in procedural content
generation, computer -aided game
design, computational creativity.

~A. Editor of Transactions on Games
General chair: FDG 2020, GALA 2019
Passion for RPGs and board games.

More at http://antoniosliapis.com /




y
N

Tutorial Outline

Can computational processes be creative ?

Who should judge anc

what should

How can EChelp suc

N computationa

ne critigued?

processes?

How can EC benefit from comp. creativity?

Table of contents

4. Next Steps

1- @gshObh’

1. Introduction to Computational Creativity

k Dunkt s hn

3. Core Domains of CC via evolution

m enq Bnl ot s

S



Introduction to
Computational Creativity




Human Creativity
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Ancient times: creativity treated as a quasi -mystical
property, as an activity of the gods in us

Recent times: creativity everywhere.
big-c creativity (individualistic creativity of a genius)
little -c creativity (every-day, social creativity)
historical creativity (an idea thatis new to the world)

personal creativity (an idea thatis new to the person)

Plato. lon. In E. Hamilton and H. Cairns, editors, Plato: The Collected Dialogues. Princeton University Press, 1961.
B. Jerey and A. Craft. The universalization of creativity. In A. Craft, B. Jerey, and M. Leibling , editors, Creativity in Education. 2001.
M. A. Boden. The creative mind: Myths and mechanisms. Routledge, 2003.



Creativity Theories
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Lateral thinking (thinking outside the box)

E. De Bono. Lateral thinking: Creativity step by step. Harper Collins, 2010.



Creativity Theories
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Lateral thinking (thinking outside the box)

E. De Bono. Lateral thinking: Creativity step by step. Harper Collins, 2010.



Creativity Theories

A

Lateral thinking (thinking outside the box )
Frames: a routine for tasks, a pattern of associations.

Intervention that disrupts a frame, resulting inre  -framing.

T. Scaltsas and C. Alexopoulos . Creating creativity through emotive thinking. In Proceedings of the World Congress of Philosophy, 2013.



Creativity Theories

Lateral thinking (thinking outside the box )

Semantic reasoning (understanding linguistic structures)
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T. Scaltsas and C. Alexopoulos . Creating creativity through emotive thinking. In Proceedings of the World Congress of Philosophy, 2013.



Creativity Theories
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Lateral thinking (thinking outside the box )

Semantic lateral thinking

5

Q: What kind of berry is a stream?
A: A current currant.

Q: How is an unmannered visitor
different from a beneficial respite?
A: One is a rude guest, the other is a
good rest.

Ritchie, G., Manurung , R., Pain, H., Waller, A.,O'Mara,D. (2006). The STANDUP
Interactive Riddle Builder. IEEE Intelligent Systems 21 (2), p. 67  -69.

Veale, T., & Bell, N.E. (201§. The shape of tweets to come: Automating
language play in social networks. Multiple Perspectives on Language Play.

Tweets Following Followers Likes

39.2K 14 761 9,745

f‘""'_‘“ MetaphorlsMyBusiness @MetaphorMagnet - Jul 5 v
! Nobody's perfect! My teacher says to never judge an easily-goaded teenager like

' #MartyMcFly until you have driven a mile in his hoverboard.
Q 0 Q

MetaphorlsMyBusiness @MetaphorMagnet - Jul 5 v
“Listen, it is better to be a tycoon living in a homely mansion than a sheik living in
" a beautiful palace.”

#ThingsTrumpNeverSaid

O (= Qo

MetaphorlsMyBusiness @MetaphorMagnet - Jul 5 v
] Catchy composers like Andrew Lloyd Webber put me in mind of viruses: they're as
catchy as the Bubonic Plague

O (= Qo

MetaphorisMyBusiness @MetaphorMagnet - Jul 5 v
1l A patient named @rampaging_barbarian asks "l often dream that | am rejected by
a community and become an outcast. What does this mean?”

Q T Q
Show this thread

MetaphorlsMyBusiness @MetaphorMagnet - Jul 5 v
| .@rampaging_barbarian, you see yourself as rampaging yet dream of becoming a
defeated outcast. | suggest you don't reject violence just yet!

Q 1 n Q
Show this thread




Creativity Theories

Lateral thinking (thinking outside the box )
Semantic lateral thinking

Diagrammatic reasoning (understanding data via diagrams)

P. C-H. Cheng, R. K. Lowe, and M. Scaife. Cognitive science approaches to understanding diagrammatic representations.
Artificial Intelligence Review, 15(1 -2):79{94, 2001.



Creativity Theories
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Lateral thinking (thinking outside the box )
Semantic lateral thinking

Diagrammatic visual and analogical lateral thinking.

G. N.Yannakakis , A.Liapis , and C. Alexopoulos . Mixed -initiative co -creativity.
In Proceedings of the 9th Conference on the Foundations of Digital Games, 2014.



Creativity Theories
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Lateral thinking (thinking outside the box )
Semantic lateral thinking
Diagrammatic visual and analogical lateral thinking

Emotional lateral thinking (theory of mind in creativity)

T. Scaltsas and C. Alexopoulos . Creating creativity through emotive thinking. In Proceedings of the World Congress of Philosophy, 2013.



Creativity Theories
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Lateral thinking (thinking outside the box )

Frames : a routine for tasks, a pattern of
associations.

Intervention that disrupts a frame,
resulting in re -framing.

Semantic , diagrammatic and emotional
lateral thinking

G. N.Yannakakis , A. Liapis , and C. Alexopoulos . Mixed -initiative co -creativity. In Proceedings of the 9th Conference on
the Foundations of Digital Games, 2014.



What Is Computational Creativity?
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1 Bnl ots shnm k Bqgd shuhsx h
philosophy and engineering of computational

systems which, by taking on particular

responsibilities, exhibit behaviors that

t mah rdc nardqudgr vntkc cd

The Journal of Computational Creativity https ://jcc.computationalcreativity.net  /
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CC Questions

N processes can be deemed creative?

N output can be deemed creative?

- Which domain can be deemed creative?



CC processes

-
. S e
Combinatorial Creativity:
Pre-fabricated building blocks,

combined together in unexpected ways
—

!

M.AA.An c d m QreativelMind: Mythsand Ldbg mhr | rt @03)skdcf



CC processes

Exploratory Creativity:
. Searching a pre -defined conceptual .
space for the best/most creative solution .
B 5 ' ” » lf :
» 8
4 » . o .' o & -

s ® .u‘:".

M.A.Ancdm GréatyelMind: Mythsand Ldbg mhr |l r{ (@Qi03)skdcf|d




CC processes

Transformational Creativity: '

Searching in a conceptual space which
changes and new combinations are possible

‘ F .’

: 4

M.A.Anc d m QreaovelMind: Mythsand Ldbg mhr | ri (@i03)s kdc fld
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CC Processes
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- Combinatorial creativity
- Exploratory creativity

- Transformational Creativity



CC outcomes

A Quality : To what extent is the produced item a
high quality example of its genre ?

Quality control

Validation Verification

Have we
Did we build Is the model accurately Did we build
the right ful? modelled the model
model? SeSE decision right?

problem?

Is the model
correctly built
and
functioning?

Is the model

free from
errors?

G. Ritchie9 1 Rempidcal criteria for attributing creativity to acomputer o q n f g Mihds and Machines 17:76599. 2007

Image from https ://quantifyresearch.com/2018/03/28/two  -vs-model -quality -control -validation -verification /



CC outcomes

A Novelty: To what extent is the produced item
dissimilar to existing examples of its genre ?

G. Ritchie9 1 Rempidcal criteria for attributing creativity to acomputer o q n f q Mihds and Machines 17:76599. 2007



CC outcomes
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A Typicality :To what extent is the produced item
an example of the artefact class in question  ?

s MARVEL comcs GROUP @,

G. Ritchie9 1 Rempidcal criteria for attributing creativity to acomputer o g n f g Mihds and Machines 17:76599. 2007



| CC outcomes

A Surprise: To what extent is the produced item
violating expectations in the trends of both actual
and possible designs?

500

CPU Clock (MHz)

K. Grace and M. Lou Maher :1 Vg s sn dwodbsyg
you're expecting: The role of unexpectedness in

computationally evaluating b qd > shuhsxt - 2005 2010
Proceedings of the ICCC, 2014. Release Year




CC outcomes
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A Value

A Novelty
A Typicality
A Surprise




CC domain
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There i1s some (usually culturally -defined) class of
artefacts which the program is to generate.

The class is extremely large, possibly infinite.

Given an item, there may not be a precise
definition of whether it is in that class.

Given an item, humans can rate the (usually
subjective) Rpt Kk hnsex sgd hsdl -

G. Ritchie9 1 Rempidcal criteria for attributing creativity to acomputer o g n f g Mihds and Machines 17:76599. 2007
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Why Is evolution Ideal for CC?

Creative Process EC
- Combinatorial Creativity V
- Exploratory Creativity VVVVYV

. Transformational Creativity Vv
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Algorithms for CC

Creative Output EC

- Value VVVYV
- Novelty vV V

- Typicality V

- Surprise V
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Algorithms for CC

. Divergent Search
- Quality -Diversity

- Constrained Optimization



Divergent Search
Algorithms




Divergent Search
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Premise: ignore the objective of the problem

The fitness landscape may be deceptive

The objective function may be ill -formulated

1Pt khsxt | " x ad rtaidbst

Goal: reward behavioral diversity

C- D- Fnkcadqf+ {1 Rhl okd f dmd sdackptive kprobleq i g gsenetic Algoeithnssgd | h mh |~ k
and Simulated Annealing, Research Notes in Artificial Intelligence. Morgan Kaufmann, 1987.



Novelty Search
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Rewards behavioral diversity

- Average distance to nearest neighbors

Neighbors in current population & novelty archive

- F i

Novelty archive: implicit memory

Distance: based on behavior, not genotype

| - Kdgl m "mc J- N- Rs mkdx+ | @augmthes mhmf nai dbshudr 9 Dunktshnm
search for novelty alone + { D u n kcongppitation, vgl.xL9, no. 2,2011.



Surprise
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Theories of surprise

curiosity: unexpected stimuli that a predictor can
learn (not random, not predictable)

regression analysis on temporal dimension to
predict s gd 1t vabiewod the attributes in designs.

probabilistic model based on
frequencies of objects/events

hm ~ f chemsrgr

2500

1500

J. Storck , S.Hochreiter , and J. Schmidhuber . Reinforcement -driven
information acquisition in non  -deterministic environments. In Proc.
ICANN'95, vol. 2, pages 159-164. EC2 & CIEParis, 1995.

M.L. Maher, D. Fisher, K. Brady: Computational models of surprise in , s &
evaluating creative design. Proceedings of the fourth international ' T T ]

conference on computational  creativity. 2013 1880 1900 1920 1940 1960 1980 2000
L. Macedo and A. Cardoso. Modeling forms of surprise in an artificial agent.
In Proc. of the annual Conference of the Cognitive Science Society, 2001.

Weight (kg)

500

Year



Surprise
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Differences between Surprise and Novelty:
Novelty : diverge from past seen behaviors

Surprise : diverge from expected future behaviors

High Novelty

G. N. Yannakakis , A. Liapis : Searching for Surprise , in Proceedings of the International Conference on Computational Creativity. 2016.
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High Surprise
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Surprise Search

Reward individuals which exhibit behaviors
which diverge from the expected behaviors

of the current population based on  prior
observed behaviors .

Two-step process:

Di nce model (2) = — | 1 (1 )
s(2 E ds(i,p;

D. Gravina, A. Liapis and G.N. Yannakakis : "Surprise Search: Beyond Objectives and Novelty,"
in Proceedings of the Genetic and Evolutionary Computation Conference. ACM, 2016.
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Surprise Search
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http://autogamedesign.eu/?page_id=200




Novelty+Surprise Search
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Optimizing both the novelty score and the
surprise score:

NSS: Linear combination as weighted sum

ns(i) =A-n(i)+ (1 —A)-s(2)

NS-SS: Two objectives for multi -objective
optimization with NSGA-II

D. Gravina, A.Liapis and G. N. Yannakakis : Coupling Novelty and Surprise for Evolutionary Divergence, In
Proceedings of the Genetic and Evolutionary Computation Conference, 2017

D. Gravina, A. Liapis and G. N. Yannakakis : Fusing Novelty and Surprise for Evolving Robot Morphologies
in Proceedings of the Genetic and Evolutionary Computation Conference, 2018



Quality -Diversity
Algorithms




{ Quality -Diversity

Premise: a strong convergent force can hide
promising areas of the search space.

Goal: uncover as many diverse behavioral
niches as possible, but where each niche Is
represented by a candidate of the highest
possible quality for that niche .

J.K. Pugh, L.B. Soros, K.O. Stanley. Quality Diversity: A New Frontier for Evolutionary
Computation. Frontiers in Robotics and Al (12). 2016.



Novelty Search -Local Competition

y
h

Multi -objective optimization (via  NSGA-II)
of two objectives:

Novelty score (see novelty search)

Local competition score: how many of its nearest
neighbors in the behavioral space it outperforms.

Lehman, J., and Stanley, K. O. (2011). Evolving a diversity of virtual creatures through novelty search and local competition ,in
Ognbddchmfr ne sgd 02sg @mmt k Bnmedgdmbd nm Fdmdshb "~ mc Dunktlg2ig n
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MAP -Elites

Partition a feature map of behavioral features
Store the fittest individual in each cell

Select parents stochastically from the map

B

00 %000,
e o
........

Soun Elite

Performance —*
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Y~ Fany teeetsscsssse e
F: 000.:::5:55:55 {;ﬁf'
a . . ®oe
High-dimensional space e

Mouret , J.-B., and Clune, J. (2015). llluminating search spaces by mapping elites.  arXiv preprint arXiv:1504.049009.



MAP -Elites

o8
-

blue voxels
= N O
& I N3,

e
o

10 20 30
filled voxels

D. Gravina, A. Liapis and G. N. Yannakakis : "Blending Notions of Diversity for MAP  -Elites,"

In Proceedings of the Genetic and Evolutionary Computation Conference, 2017.




Constrained Optimization
Algorithms*




Constrained Optimization
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Premise: hard constraints can split the
search space into Islands of feasible
solutions among infeasible solutions

Solutions:
Death penalty

Fitness penalty

Multi -objective approaches

C.A Coello Coello. A survey of constraint handling techniques used with evolutionary algorithms. 1999
Michalewicz , Z.Do not kill unfeasible individuals. In Proceedings of the Fourth Intelligent Information  Systems Workshop. 1995



Constrained Optimization
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FI-2pop GA:
objective score

Feasible pop.: domain - X

dependent fithess feasible
population
infeasible
population

proximity to feasibility

Infeasible pop.: minimize
distance to feasibility

infeasible offspring
suridsffo ajqisvaf

Indirect form of
Interbreeding

Boost feasible offspring*

Kimbrough , S.O., Koehler, G.J., Lu, M., Wood, D.H.: On a feasiblenfeasible two -population (FI -2Pop) genetic algorithm for
constrained optimization: Distance tracing and no free lunch. European Journal of Operational Research 190(2). 2008



Constrained Novelty Search
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Feasible -Infeasible Novelty Search:
Feasible pop.: maximize novelty score

Novelty archive of only feasible solutions

Feasible -Infeasible Dual Novelty Search

-----

closest neighbors
.....
-

feasible
population

infeasible offspring

Suridsfjo ajqisvaf

infeasible
population

novel novelty score
archive 4

' . E infeasible offspring

A. Liapis , G. N. Yannakakis and J. Togelius : Constrained
Novelty Search: A Study on Game Content Generation , ~ -~
Evolutionary Computation 21(1), 2015, pp. 101 -129. proximity to feasibility closest neighbors

------



Constrained Novelty Search
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A. Liapis , G. N. Yannakakis and J. Togelius : Constrained Novelty Search: A Study on Game Content Generation
Evolutionary Computation 21(1), 2015, pp. 101-129.
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Constrained Surprise Search

Feasible -Infeasible Surprise Search
Feasible pop.: maximize surprise score

Predictions made only from feasible individuals

D. Gravina, A. Liapis and G. N. Yannakakis : Constrained Surprise Search for Content Generation.
In Proceedings of the IEEE Conference on Computational Intelligence and Games (CIG), 2016.
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As In MAP -E

Constrained MAP Elites

ites, create a feature ma

Each cell holo

0

S a best feasible Indivio

and a best infeasible individual

Treat as two populations:

One selects parents from feasible cells

ual

Other selects parents from infeasible cells

A. Khalifa , S. Lee, ANealen, and J. Togelius , Talakat : Bullet hellgeneration through constrained MAP -Elites,
in Proceedings of The Genetic and Evolutionary Computation Conference . ACM, 2018, pp.1047161054.
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CC domains
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Representational paintings
Music

Mathematical concepts

Stories
Jokes
Stealthy swiftness of a leopard,
Poems Happy singing of a bird.
In the morning, | am loyal
Collag es Iélke the comfort of a friend.
ut the morning grows more lifeless

Than the fabric of a rag.
And the mid-day makes me nervous

G am eS Like the spirit of a bride.

Krzeczkowska , A., EFHage J., Colton S, and Clark S: Automated Collage Generation q With Intent, Proc. of the ICCC 2010
Colton, S., Goodwin, J., & Veale, T. Full -FACE Poetry Generation. Proc. of the ICCC 2012.
Fg dl d Qh s b grmpdi®l ciitdia for @attributing creativity to acomputer o q n f q Mihds and Machines 17:76199. 2007



Creative Problem Solving
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Problems usually have one solution.
Objective functions may lead away from solutions.

Stepping stones towards the solution are unknown.

Creative solutions (novel,
surprising) may be more
useful in the long run than
Radssdge nmdr -

J. Lehman, K.O. Stanley. Abandoning objectives: Evolution through the
search for novelty alone. Evolutionary computation 19 (2), 189-223. 2011.



Problem: Maze Navigation

y
N

Robot controller: 4 goal sensors, 6 collision sensors

ANN evolved via NEAT to decide on turning & speed
Solution: goal reached
Quality: ??7?

Diversity: distance between
final positions after simulation

J. Lehman, K.O. Stanley. Abandoning objectives: Evolution through the
search for novelty alone. Evolutionary computation 19 (2), 189 -223. 2011.



Problem: Maze Navigation
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Novelty search with local competition:
Novelty: o hgvhrd chrs mbd ne onhr

Local competition: # individuals further to final goal

V

J. K. Pugh, L. B. Soros, and K. O. Stanley, Quality diversity: A new frontier
for evolutionary computation, Frontiers in Robotics and Al , vol. 3,2016
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Problem: Maze Navigation

Surprise Search:
k-l d mr bktrsdqghmf ne gnansr 2

Predicted positions via linear interpolation

D. Gravina, A. Liapis and G. N. Yannakakis : Quality Diversity Through Surprise ,in Transactions on Evolutionary Computation, 2019.



Problem: Maze Navigation
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Hzoo Hzoo Hzoo
175 175 175
150 150 150
125 125 125
100 100 1100
|75 175 175
50 50 50
HZS HZS HZS
0 0 0
Quality Novelty Surprise

D. Gravina, A.Liapis and G.N. Yannakakis : "Surprise Search: Beyond Objectives and Novelty,"
in Proceedings of the Genetic and Evolutionary Computation Conference. ACM, 2016.



Problem: Maze Navigation
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Surprise Search + Novelty Search + Local Competition
NSGA-II two - or three -objective optimization

Novelty + Surprise as linear combination or two objectives

130
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D. Gravina, A. Liapis and G. N. Yannakakis : Quality Diversity Through Surprise ,in Transactions on Evolutionary Computation, 2019.
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Problem: Maze Navigation

Curiosity Search with an intra -life novelty score
Number of distinct behaviors exhibited in one simulation

For mazes: # unique grid tiles touched + # doors opened

C. Stanton, J. Clune: Curiosity Search: Producing Generalists by Encouraging Individuals to Continually Explore
and Acquire Skills throughout Their Lifetime. PL0oS ONE 11(9): e0162235d0i:10.1371/journal.pone.0162235



Problem: Virtual Creatures

h

Soft robots with voxel -based materials
4 types: active (contract or expand), inactive (soft or stiff)

CPPN decides material, if any

X Y Z Bias

p? argmax

G.Methenitis , D. Hennes, D.1zzo, and A. Visser . 2015.Novelty search for soft robotic space exploration.
In Proceedings of the 2015 Annual Conference on Genetic and Evolutionary Computation. ACM, 193 200



Problem: Virtual Creatures

y
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Cheney N, MacCurdy R, Clune J, Lipson H (2013) Unshackling evolution: Evolving soft robots with multiple materials
and a powerful generative encoding. Proceedings of the Genetic and Evolutionary Computation Conference. 167 -174.



Problem: Virtual Creatures
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. Quality: distance from start to end position after sim

Novelty: chr s mbd ne onhmsr  kn

Trall I1s rotation -invariant and z -axis flattened.

D. Gravina, A. Liapis and G. N. Yannakakis : "Fusing Novelty and Surprise for Evolving Robot Morphologies," in
Proceedings of the Genetic and Evolutionary Computation Conference, 2018.



\ Problem: Virtual Creatures

MAP -Elites: feature map of 128x128

Features: % of stiff voxels, % of filled voxels

J-B. Mouret and J. Clune. 2015. llluminating search spaces by mapping elites . arXiv preprint arXiv:1504.04909 (2015).



Problem: Virtual Creatures
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Surprise search:
K-means clustering of trails

Predicted trails via linear
Interpolation

Deviation as distance along
gnansre sqgq hkr

D. Gravina, A. Liapis and G. N. Yannakakis : "Fusing Novelty and Surprise for Evolving Robot Morphologies,"
in Proceedings of the Genetic and Evolutionary Computation Conference, 2018.



Problem: Virtual Creatures

D. Gravina, A. Liapis and G. N. Yannakakis :"Exploring Divergence for Soft Robot Evolution,"
in Proceedings of the Genetic and Evolutionary Computation Conference, 2017.




Problem: Virtual Creatures

Objective Search

D. Gravina, A. Liapis and G. N. Yannakakis : "Fusing Novelty and Surprise for Evolving Robot Morphologies,"
in Proceedings of the Genetic and Evolutionary Computation Conference, 2018.




Problem: Virtual Creatures
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MAP -Elites with parent selection
based on novelty or surprise:

Space partition based on voxels e Lo
Distance characterization based :
on trails (real or predicted) -
Come see the poster! w0
H
<
o
5

D. Gravina, A. Liapis and G. N. Yannakakis : "Blending Notions of Diversity for MAP  -Elites,"
in Proceedings of the Genetic and Evolutionary Computation Conference, 2019



Computational Artworks
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Innovation engines via MAP  -Elites: *

Space partitioned via DNN -based |
object recognition (1000 classes).

Quality based on respective

confidence of detected object. Y, |I °T“~'
" * ,#

| | /

‘ﬁ‘n

volc ano mosque water towcr bcmon

Nguyen, A.; Yosinski , J.; and Clune, J. 2015. Innovation engines : Automated creativity and improved stochastic
optimization via deep learning. In Proceedings of the Genetic and Evolutionary Computation Conference.



Computational Artworks
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obelisk chainlink beacon digital prison
fence watch

computer pizza pool table matchstick tablelamp crossword
keyboard puzzle
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acoustic cocktail Christmas digital cassette

panpipe caldron traffic sunglass projector
light guitar shaker stocking clock
mosque monarch theater parachute bubble ping-pong peacock sliding flreboat hourglass
butterfly curtain ball door
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banana goblet face powder  assault manhole centipede  basketball padlock car wheel oboe bucket
rifle cover

Nguyen, A.; Yosinski , J.; and Clune, J. 2015. Innovation engines : Automated creativity and improved stochastic
optimization via deep learning. In Proceedings of the Genetic and Evolutionary Computation Conference.



Computational Artworks
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MAP -Elites for 3D models:

3D model created by evolved
CPPN, rendered in 6
perspectives. MAP-ELITES

Archive of elite CPPNs

Cell is a category detected via
ImageNet, made abstract via s
Wordnet hypernyms.

Marching
Cubes

)

J.Lehman ,S.Risi,J.Clune9 1 Bqd shud Fdmdg shnm ne 2C Naidbsr vhsg Cddo Kd  gmh
in Proceedings of the Seventh International Conference on Computational Creativity, June 2016

MAP -Elites selects
stochastically, but penalized
If unproductive.




Computational Artworks
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J.Lehman, S. Risi, J.Clune9 1 Bqd shud Fdmdg shnm ne 2C Naidbsr vhsg Cddo Kd  gmh
in Proceedings of the Seventh International Conference on Computational Creativity, June 2016



Creativity In Games
(with Evolution)
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- -5 v

Nameless One = *"Why have 1 lost my memory?™
Lothar = "It is a side offect of losing vour mortality”
Nameless One = 1 have lost my mortality? What do you mean?*

Lothar = “Your martality your soul if you will, that which allows you |
live and die = s gone from you, It was stripped from you by magk
means, by the night hag Ravel Puzzlewell, Your mortality s the key
your existence when you find it. you will find yvour answers *

uneless One = "Tell me about this Ravel”

ar = '"Ravel Puzziewell 15 an enigma, even among the night hags, Son
would call her barmy; others say she plays a deeper game than any ¢
we through. She = evil, thvough and through, making the flends yo
« In the area seem positively divine when comparsd 1o her, She &=
the reach of men now, thank the poweny, for she was mared by

'y of Pan"

A. Liapis , G. N. Yannakakis and J. Togelj
4



Games as a creative domain

y
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Games fall into a large class (possibly with
subclasses, e.g. casual, shooter, RPG)

this class has somewhat fuzzy boundaries.

this class has extensive human -based
evaluations of quality

@ metacritic Movies ¥ | Games ~ | TV Music Features |\¢\) VGChartz Home Charts Tools GameDB Articdes Forum

New Releases Coming Soon High Scores Browse A-Z Publications Publishers Trailers
Weekly Chart Index

New Xbox One Releases Global
USA  Europe Japan
UK
More recent releases < Week Ending | 20th Dec 2018 > Germany

Star Wars Battlefront France

Fallout 4 Pos Game Weekly Total :IQEk
Rise of the Tomb Raider By

; 3 ggﬁ SLlaperSmas.h BrlasA (2018) (NS} 432869 3678968 P
Halo 5: Guardians n Nintendo, Fighting

vty Blaret s T oks 5 Red Dead Redemption 2 (PS4)

| Take-Two Interactive, Action-Adventure

215113 4837639 10

Based on Based on Based on Just Cause 3
Call of Duty: Black Ops I {P54)

Activision, Shooter L IR 225 &

A. Liapis , G. N. Yannakakis and J. Togelius : Computational Game Creativity , in Proc. of the Intl. Conf. on Computational Creativity, 2014.



Games rely on procedural creation

PCG is a commercial necessity.
fast development cycles, replayability , retention.

The game industry proudly displays its CC.

EVERY ATOM PROCEDURAL

The thought “of creating a near
Infinite universe should pretty much
make a game developer have a
nervous breakdown.”

A. Liapis , G. N. Yannakakis and J. Togelius : Computational Game Creativity , in Proc. of the Intl. Conf. on Computational Creativity, 2014.



Evolution in Content Generation
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Search-based Procedural Content Generation

Testing and improving content iteratively

Unlike constructive or generate -and-test methods

Togelius, J.; Yannakakis , G.; Stanley, K.; and Browne, C.
2011. Searchbased procedural content generation: A
taxonomy and survey. IEEE Trans. on Computational
Intelligence and Al in Games 3(3):172 -186.




{ PCG Is a Quality -Diversity Problem

- Premise: game content usually has hard
playability requirements, but also must
provide replayability (and avoid repetition)

- Game content must be:
. Good (playable, balanced, etc.)

. Diverse (inspire new gameplay)

D. Gravina, A.Khalifa , A. Liapis , J. Togelius and G. N. Yannakakis :Procedural Content
Generation through Quality -Diversity , in Proceedings of the IEEE Conference on Games, 2019.
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Dimensions of PCG -QD

Divergence Components:

Behavior Space Distance

Behavior Space Partitioning

- Quality Components:
Local Competition

Constraints

D. Gravina, A.Khalifa , A. Liapis , J. Togelius and G. N. Yannakakis :Procedural Content
Generation through Quality -Diversity , in Proceedings of the IEEE Conference on Games, 20109.



{ Benefits of PCG-QD

Generative Efficiency: one run, many good results
(diverse from each other)

Fitness -Free Search: exploring more than one
dimension of interest

Filtered By Component Distance

)

Online Expressivity Analysis

Human -Machine Co-Creation

Explainability

D. Gravina, A.Khalifa , A. Liapis , J. Togelius and G. N. Yannakakis : Procedural
Content Generation through Quality -Diversity , in Proc. of the IEEE Conference on
Games, 2019

G. Smith, J. Whitehead: Analyzing the Expressive Range of a Level Generator, in
Proc. of the FDG Workshop on Procedural Content Generation in Games, 2010

J. Zhu, A. Liapis , S.Risi, R. Bidarra and G. M. Youngblood : Explainable Al for
Designers: A Human -Centered Perspective on Mixed -Initiative Co-Creation, in
Proc. of the IEEE Conference on Computational Intelligence and Games, 2018.
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Instances of PCG -QD

Components Characterization
Algorithm [I))lvergegcc L% uall‘% I m— Tl Artifact
MAP-Elites - v v - DNN Output DNN Confidence 2D and 3D objects [37], [38]
MESB - v v - Mana Distribution Health Difference Hearthstone Decks [13]
- v v Playthrough Properties Validity and Playability Bullet-Hell Scripts [18]
CME - v v Triggered Mechanics Playability and Simplicity Mario Scenes [19]
- v v Linearity, Simmetry, Playability, Room properties, Dungeons [39]
Similarity, and Patterns and Design patterns
v - - v Visual Diversity Playability Map Sketches [14], [15]
CNS v - -V Visual Diversity Believability Arcade-Style Spaceships [40]
v - -V DNN Latent Space Believability 2D Spaceship Hulls [16]
CSS v - - v Map Locations Balance and Playability FPS Weapons [17]
NS-LC v - v - Block Presence Complexity Minecraft-like Structures [41]

D. Gravina, A.Khalifa , A. Liapis , J. Togelius and G. N. Yannakakis :Procedural Content
Generation through Quality -Diversity , in Proceedings of the IEEE Conference on Games, 20109.




N Spaceship Generation

Generated spaceships via turtle
commands

Mutations add/remove commands

Quality: 5 plausibility constraints q?

A.Liapis+ ({ Dwoknghmf sgd uhrt Kk r mProcgedings eof Evadutionacyd f "I d ~rrdsr +1¢
and Biologically Inspired Music,  Sound,Art and Design ( EvoMusArt ). Springer, 2016
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Diversity:
properties

FINS to maximize
distance on 3 or all
visual dimensions

A.Liapis+ | Dwo k ngh mf
and Biologically Inspired Music,

Spaceship Generation

7 visual

sgd uhrt  k r &Precdedings eof Evajutionacyd f
Sound,Art and Design ( EvoMusArt ). Springer, 2016
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DelLeNoX Spaceship Generation

- Spaceship hull generation (line overlap)

Points evolved via CPPN

- Quality: two plausibility constraints

@® t(C=-05)
@ b(C=0.5)

A. Liapis , H. P.L ° g s E dnTogelius , and G. N.Yannakakis + Trgnsforming exploratory creativity with DeLeNoX+ - t  h, 2013 B B5&63.



DelLeNoX Spaceship Generation
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input: image pixels

Novelty: distance based r
on latent representation

encoder

Autoencoder trained on
all results of 100 evol. runs

decoder

New evol. runs based on output: image pixels !

vector distance in hidden
nodes of autoencoder YV VY T Taea®
eV a\/ WU gy e
Mm\/ - L SNV L PR
N VN N B = Rl Y N

Re-train autoencoder on
new results, repeat.

A. Liapis , H. P.L ° g s E dnToygelius , and G. N.Yannakakis ,
Transforming exploratory creativity with DeLeNoX, in ICCC, 2013



DelLeNoX Spaceship Generation

h

mm)

A. Liapis , H. P.L ° g s EJnToygelius, and G. N.Yannakakis + Trgnsforming exploratory creativity with DeLeNoX+ - {  h, 2013 jBoB5&#63.



Novel Suggestions for Designers

h

Sentient Sketchbook: CAD tool for level design,
with real -time alternatives generated by the
computer (inspired by human user )

Low -fidelity map sketches

Constraints:

Number of 'special’ tiles

All 'special’ tiles must be
reachable from one another

A. Liapis , G. N.Yannakakis , and J. Togelius , {Sentient sketchbook: Computer -~ hcdc f | d kdudk ~tsgnghmf +t
in Proceedings of the 8th Conference on the Foundations of Digital Games , 2013 pp. 2137220.


http://sentientsketchbook.com/

Novel Suggestions for Designers

Strategy Game Map Sketching

Resaource

Viewing Modes

Simple

w0
Resource Safety Resource Safety Fairness ||

+
34% 4% B l I B l I

Safe Area Safe Area Fairness . .
51% 47% f ..
H N I | |
Exploration Exploration Fairmess || | B

e il il

Bases: 3 Choke Paints:
Resources: 7 10 Dead Encls:
Uzed Space: 94% 95% Open Areas:

Max Base Distance: 14

Avg Base Distance: 12

Min Base Distance: 10




\ Novel Suggestions for Designers

Genetic algorithms running
multiple threads.

Initial population seeded from =
the user's sketch. c_:cs
o

Two -population constrained
evolution ensures playable results.

..I...I
N NI

>
=
O 0"
>
o
-

Quality: different path operations

Novelty: tile -to-tile similarity

A. Liapis , G. N.Yannakakis , and J. Togelius , {Sentient sketchbook: Computer -~ hcdc f | d kdudHKk
in Proceedings of the 8th Conference on the Foundations of Digital Games , 2013 pp. 2137220.
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Minecraft Structure Generation

Minecraft structures created by agents

Agents controlled by evolved ANN
Input: 11x1lblocks around agent (block, boundary, empty)

Output: 6 actions (move, add block, remove block)

D
P\ )
B
X

j/ff : - g N W

J. K. Pugh, L. B. Soros, R.Frota, K.Negy " mc J - N - MdjpsEvahutiothary+Traisitions in the Voxelbuild Virtual Sandbox
F | dt Procdedings of the European Conference on Artificial Life. 2017.



Minecraft Structure Generation

h

Neuroevolution guided by NS -LC:

Quality: larger and taller structures (blocks * max. height)

Diversity: voxel -by-voxel similarity

J. K. Pugh, L. B. Soros, R.Frota, K.Negy " mc J - N - MdjpsEvahutiothary+Traisitions in the Voxelbuild Virtual Sandbox
F | dt Procdedings of the European Conference on Artificial Life. 2017.



Surprising Weapon Generation
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Evolving pairs of weapons for a one -versus -one
match in an Unreal Tournament 3 map.

22 parameters (11 per weapon), e.g. bullet speed

Constraints via simulation:
Effectiveness (kills achieved)
Safety (harm to wielder)

Balance (entropy of kills)

D. Gravina, A.Liapis , and G. N.Yannakakis + | Bn mr surprisé@seatdh enq bnmsdms fdmdg shnm+t
in Proceedings of the IEEE Conference on Computational Intelligence and Games. IEEE, 2016.
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Surprising Weapon Generation

Surprise: computed on death location heatmaps
aggregated from the entire feasible population.

Predicting next heatmap of death locations.

H,_ H,_ Predicted H;

Individual’s death locations

2 1
Weapon 1 Weapon 2 Weapon 1 Weapon 2 Weapon 1 Weapon 2

Weapon 1 Weapon 2

3 05 G5 B3 G5 3

5 [

Upper Floor Lower Floor

£ £

D. Gravina, A.Liapis , and G. N.Yannakakis + | Bn mr surprisé@seatdh enq bnmsdms fdmdg shnm+t

in Proceedings of the IEEE Conference on Computational Intelligence and Games. IEEE, 2016.




Surprising Weapon Generation

ScCcoRae cAanme ST TINGSS

& DeathMatch

Biohazord 16:39:55
First to moke 1000 frogs wins

Name Kills Deaths

Player O o

D. Gravina, A.Liapis , and G. N.Yannakakis + | Bn mr surprisé@seatdh enq bnmsdms fdmdg shnm+t
in Proceedings of the IEEE Conference on Computational Intelligence and Games. IEEE, 2016.




4 Coding Rgnns 2 &drigd o

Shoot-em-up script for placing enemy or bullet
spawners , evolved via Constrained MAP Elites

Chromosome: 11 arrays of 23 integers each mapped
to the custom Talakat script

Constraints via simulation:

# spawners below a max value.

At least 10 bullets in more than
50% of frames.

A. Khalifa , S. Lee, A.Nealen, and J. Togelius + Tallakat : Bullet hell generation through constrained MAP -
D k h sidRArot.tof The Genetic and Evolutionary Computation Conference . ACM, 2018, pp.10441054




Coding Rgnns 2 &drigd o
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. Quality following simulated A* playthrough
Progress: # frames survived
Lose: If player has died
Safety: # frames a stationary agent would survive

Future location: distance from fewest bullets

Space Partition following simulated A*  playthrough
Entropy: # times player changed direction
Risk: # bullets near player

Distribution: amount of space occupied by bullets

A. Khalifa , S. Lee, ANealen, and J. Togelius + Talakat : Bullet hell generation through constrained MAP -Dk hsdr +1
in Proc. of The Genetic and Evolutionary Computation Conference . ACM, 2018, pp.104161054



Coding Rgnns 2 &drigd o

TalakaT

Attack of the Toupee

A. Khalifa , S. Lee, ANealen, and J. Togelius + Talgkat : Bullet hell generation through constrained MAP -Dk hsdr +1
in Proc. of The Genetic and Evolutionary Computation Conference . ACM, 2018, pp.104141054
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Representation: 14 + 3 + 3 floor slices (
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Padding Scene Padding

A. Khalifa , M. C. Green, G. Barros, and J.Togelius , Intentional computational level design ,
in Proceedings of The Genetic and Evolutionary Computation  Conference. ACM, 2019
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Novel Mechanics for Mario Levels
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Rhltk shnmr vhsg | odgedbst

Constraints: same

performance between
perfect & limited agents
Quality: simplicity g
(entropy of tiles in a scene) % s
Diversity: mechanics used NS- NSH -

N N ‘*~. N
S e‘« B e-*f‘ @*\*\*
RSN NN N

Jump Mechanics

A. Khalifa , M. C. Green, G. Barros, and J.Togelius , Intentional computational level design ,
in Proceedings of The Genetic and Evolutionary Computation  Conference. ACM, 2019



Novel Mechanics for Mario Levels
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Speed Punishing Model Coin Punishing Model Shell Kill Punishing Model

A. Khalifa , M. C. Green, G. Barros, and J.Togelius , Intentional computational level design ,
in Proceedings of The Genetic and Evolutionary Computation  Conference. ACM, 2019



