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Who am |?

* Postdoctoral Fellow at University of California, Santa Cruz
* Working at Game User Interaction and Intelligence
Lab in Computational Media

* PhD in Computer Science from Georgia Institute of
Technology

* Research focus: Especially in computational creative
domains, how human and computers can collaborate
and excel beyond either human or Al alone

* Mixed-Initiative and Co-creative systems
* Generative Al, Reinforcement Learning

* Human’s role in human-Al collaboration, Al and
education w/ Gamification...




In a nutshell: My stories on how to...

Let Al
probe best
way to
collaborate

Building
creator-
aware

controls

Expanding
co-creative
paradigms

Let’s make this interactive!



Al went through a long way
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5o do computational creativity

A Chinese professor used Al to write a science fiction novel. Then it
was a winner in a national competition

+ Journalism professor Shen Yang plans to detail his creation process so anyone can ‘create good fiction with
Al

+ But artificial intelligence poses threats to writers and irreversible damage to literary language, a publisher
says



These models are good at generating
contents like what they learned from.

EYERY STORY HAS AN END, BUT IN
LIFE EVERY ENDING IS*JUST A NEW
BEGINNING.
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s this the end of the story?



Challenge:
Procedural

Content
Generation (PCG)

ALGORITHMIC CREATION
OF GAME CONTENT WITH
LIMITED OR INDIRECT USER
INPUT (SHAKER ET AL.
[2016])
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Goal of
game

MAk 10
000300

Difficulty
progression

Character

Intferactive
Mechanism
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Objects used to teach new mechanisms

Elements correlates
and constrain each other



A model generating arbitrary
contents are not enough for PCG

Then, just control if!




Controllability

We can make better
models, filter training data,

add postprocessing steps,
orompt engineer...




Controllability... From the
perspective of the model

We can make better
models, filter training data,

add postprocessing steps,
orompt engineer...




Revisit: ML-based Al




Bad input may lead to bad output!

.0
Bad _ ' Bad




Just ask human to
give more Inputse




“More inputs” not as straightforward!

/'
Creators may have « We are asking the creators for a different skillset than
trouble <

.. creating contentsl!
communicating

Creators may nof e We are asking a concise prompt which may never be
know what the final < S Promp y

iblel
product looks like possible;
Al may not e Al are interacting with the user without enough
understand the < : :
information!
creator

N
The“re may never * There are more than one way to improve the contenfs!
be a "best action”!



Controllability from the
perspective of human

“This control was clearly not
designed with me in mind!”

“I want to control them in diverse
ways that work for me.”

“There are so many kinds of
conftrol, which one should | use¢”

18
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INCREASED FRUSTRATION AND PREVENTING
COGNITIVE LOAD FAILURES EQUITABLE USE

Issues



Spotlight: Mixed-Initiative Co-
Creativity
Human initiative and a computational

INitiative cooperate towards a shared
godal

Mixed-

Initiative
System having the capability to modity

’rhe contents as if it's the human

Creaftive counterpart

20



mprove the experience of the
numan creators using Al

My gOal Procedural Content Generation
systems



https://technofaq.org/posts/2019/06/what-the-future-holds-for-industrial-robots/
https://creativecommons.org/licenses/by-nc-sa/3.0/

My Path

Building : Let Al

creator- Expand;pg probe best
aware co-crde.a Ive way to
controls paradigms collaborate




Building creator-aware controls

Building : Let Al

creator- Expand;pg probe best
aware co-crde.a Ive way to
controls paradigms collaborate



Are controls provided by Al

creator-aware and designed
for theme

Instead of iImposing paradigms
based on underlying models
and algorithmse



Lin, Zhiyu, Kyle Xiao, and Mark Riedl. "Generationmania: Learning to
semantically choreograph.” AIIDE 2019.

Domain 1: Rhythm Action Games




Charts: On-
screen hints for
actions. Contains
playable game
objects.

Pressing buttons at

the correct time
plays audio samples
to recreate music






Considerations for
creator-awareness

é Music to follow

A Intended challenge
level

-®-  Artistic intents



Our Solution: GenerationMania

Generate music-grounded charts

Enable creator-aware controls

Training Chart & music

Measure Beat Instrument
Sample 0 0 Drum
Classification 0 2 Bass
1 0 Drum
Sound events labeled

]| —

Knowledge ffl ,-.,'L""LI\.P -".”' m ;, _—
Extraction / ey T —

-

| [V

Challenge Model

Relational Summary

,’/- B
Measure Beat Playable
Sample 0 0 Yes
Selection 0 2 No
1 0 Yes
-~ Sound events classified as
T playable/non-playable

L d

MNote
Placement

New Chart



Highlighted control #1: Intended
Challenge Level

25 +
20
oy
£ 151
5
£
a
10

| want o But 1
warm up challenge '
the player the player Note frequency

with an easy halfway into Interval between consequent notes

beginning the stage Relationship between notes
Simultaneous key presses

Key press when holding down other keys

Time

30
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Highlighted control #2: Artistic

Intents

| think including this
piano solo will be
interesting...

Since the genre of
the music is Drum &
Bass, | want to
highlight drum and
bass samples...

AlIDE 2019

Time
This Note
—1
— — Playable nonplayable
— —
— —
— Summary generated for This note
— — Summary # | Guitar Bass Kick
— 1 0.8 0.1 0.5
p— — 2 0.3 0.4 0.5
Previous
— MNotes ~~I3 0.1 0.7 0.5
 — |
—
o — |
—
— _—
L Individual instruments, aft
= different time scales
Audio Class

Guitar/Bass/Kick/...

31



We built GenerationMania that learns
how to use these intent-based controls

Model F-score Precision Recall

Reference Baselines

Random 0.291 + 0.089 0.335 = 0.200 0.299 + 0.020

All Playable 0.472 £+ 0.207 0.335 £ 0.199 1.000 £ 0.000

LSTM Baselines Models

LSTM + Audio Features + BP + CM 0.424 + 0.154 0.767 £ 0.176 0.353 £+ 0.248

LSTM + Audio Features + BP + CM + RS 0.564 +0.149 | 0.776 =0.117 | 0.475+0.194

Feed-Forward Models

FF + Audio Features + BP + CM 0.253 £ 0.143 0.523 £+ 0.266 0.179 £ 0.113
0.368 = 0.198 0.422 + 0.213 0.392 4+ 0.258

AIIDE 2019
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Generation
Mania

Controlled
Generation

Audio features from music

Creator-aware Controls

33



- We can build a model that generates

Wh at d |d a stage from high-level artistic intents
- This enables injection of intent from
WE lea rn? the creators, while still adhering to

inherent constraints.



TENSION

BECINNING

Let's

apply
this to

MIDDLE END STORY GENERATION

Lin, Z., & Riedl, M. 0. (2021). Plug-and-Blend: A Framework
for Plug-and-Play Controllable Story Generation with
Sketches. AIIDE 2021.
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Domain 2: Story Generation

Suppose we want to furn this short story...

Let’s go to the park because

It is a sunny day. We will see clear skies today. the weather is good

“I want tfo infroduce
some Science

gradually...”

| learned that nothing travel

It is a sunny day. | went to the classroom. faster than light.




Can we...

Generate stories with
these creator-aware
controls@e

While adapting to
ever changing internal
of the modelse



Solution: Plug-and-Blend

Works with the logit outputs of any continuation

language model even without instruction following
capabilities

Facilitates fine control of generated sentences by

allowing continuous steering towards specific control
codes

Enables high level area-of-control with a planner
that allows multiple control codes representing style
and fopic constraints on overlapping contexts.

38



10 sentence story
Topic: sports, lines 1-5
Topic: science, lines 5-10

Blending generative model

Generative
e Line 3 Language
. John was playing Model John realized that
. Planner — Context basketball - basketballs fall to the
User Control codes 70% sports ground like apples
30% science

Control
Model

Fine-grained topic control

39



Language Model Preliminaries

Language models complete a sentence by picking the
most likely token that finishes if.

40



What if we want to control?

We can conitrol the generation by conditioning the
process on a specific control code (attribute of topic,
sentiment, etfc...)

Adding new control codes naively requires a fine-tuning.

Hard for bigger, ever-changing and closed source
models!

Py (z17 | © HPQ CAEPN:



The Blending Generation Model

« We can train an additional classifier (Krause et al., 2020) on

a specific control aftribute T ——
confrol c?

Py (c|z1.4) = aP(c HPQ (xj | x<j,C)

« By contrasting it against an anti-attribute (not-c):
a=1/( Z HP ) Py x3|17<jac/))

c’'e{c,c}t j=1

42



Blending in

Generative Apple
Language "

. 1

1/
Control i Control strength
Model hyperparameter

P(ﬂ’»‘t \ 33'<t,C) X Pr (ﬂft ‘ ~’I»'<t)P9 (C \ 37t,35'<t)w

AlIDE 2021



Extending this to multi-control-code

This can be applied multiple
times
sk

P(%ﬁ \ $<t70) = Py (23't \ 37<t) H Py (C* \ $t7$<t)wc
c*re(C

44



See it in aCtiOn A different model for

topic classification

Prompt: The people gathered to protest the court’s ruling last week.

c1 = 5Spo 2 = Busmesﬁ/\&BGM-Generated Sentence (Overall Strength 2x) Classifier score
Weq Weo C1 C2
100% 0% Coach Leeman was in a wheelchair and had been taken to hospital for 6% 14%
treatment.
75% 25% Coach Reebok was one of them. 65% 35%
50% 50% The players were joined by a few of them. 84 % 16%
25% 75% The company that owns the team was.ﬁned $1,0QO for violating a rule 37% 63%
prohibiting employees from using their own equipment.
Bankruptcy Judge William H. said that the bank had failed to pay its
0% 100% creditors and was in default on $1 billion of loans it owed them. 24% 76%

Less Sports, More Business

 Generated sentence becomes more related to a topic
when requested with higher weights on that topic. s



Local controls to global control

10 sentence story

Topic: sports, lines 1-5 Blending generative model
Topic: science, lines 5-10

Generative >
: Language
L|ne 3 \ M0d8|

John was playing

:
basketball H
H
:

John realized that
basketballs fall to the
ground like apples

Context

Planner 70% sports

Control codes 30% science

Control >
Model

46



Capturing creator intents with
“Sketches”

Inspired by Story Arcs

Translates to a continuous topic control to an area in the
story

Sketch 1 Sketch 2
On On Tech
Nature

1 _

on " |ontech
On On Tech Snience
Naiure It is a sunny day.

ﬂ- 0.1 | went to the classroom.
2 | learned that nothing travel

3 0.1 ﬂ- faster than light.

2
3

47



Control Sketches Generated Paragraph

Jackie Robinson was playing in the NBA.
He had just been drafted by the Cleveland Cavaliers.
He decided to play for a team that was trying to win a championship.

»Y R . LLIR T EE R T
o a

Sketch 1 )
”Yeah, they’re good,” he said "they’ll be great.”

c1 = Sports, {0 — 5} . . .
. He added that his wife had been working on the project for about a year.
co = Science 10}

He was happy to see her progress.

She had a lot of fun doing it!

~Earlier-fiansition tollowing control-

d ar f
He was looking forward to his first game of the season.

Sketch 2

He got a lot of feedback from everyone who played against him, including some that were very excited about it!

c1 = Sports,0 — 5
) I was really happy when I saw how he played.
Cco = Saen 10

I also had to admit that my favorite player was the guy who beat me in the finals.

I played it on my laptop and found that I couldn’t play it properly because of some bugs.
The problem was that the graphics were bad, so I had to use an emulator instead of playing the game.

v



Human Evaluations

We invited 45 participants to randomly read 30 pairs of stories and
say if they see a fransition between topics.

/5.1% (p<0.01) chose story generated with P&B sketches.

This demonstrates strong ability of our system injecting
perceivable transitions, blending in two topics when provided
sketches that instruct so.

y K/ A\\\
\
A A

| ' Baseline: Story

P&B: Story»irﬂ\jecied
. i generated
with transitions (2 Vg conditioned 1

topic

topics)
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. Inspired by the Narrative Arc, a

‘,\] . tool used by storytellers, we can

hat dld ouilld a model that understands

we learn? olending conftrol, while creating @
olan to apply control signals

globally and locally.



TENSION

What’'s next?

Generate with
hierarchye

Player
awarenesse

Other creator-
aware
controlse

"“Why did you
wrote thise”

51



How would you
build creator-aware
controls?



Expanding co-creative paradigms

Building : Let Al

creator- Expand;pg probe best
aware co-crde.a Ive way to
controls paradigms collaborate



Revisit: What goes beyond
“More Inputs”?

Users may not have

needed  We are asking the creators for a different skillset than creating
communication contents!
expertise

Users may not know
what the final product
looks like

 We are asking a concise prompt which may never be possible!

Al may not have a
working understanding
of users

e Al are interacting with the user without enough information!

e There are more than one way to improve the contents!

There may never be a
“best action”!

R



Revisit: Mixed-Initiative Co-
Creativity
Human initiative and a computational

INitiative cooperate towards a shared
godal

Mixed-

Initiative
System having the capability to modity

’rhe contents as if it's the human

Creaftive counterpart

55



Let’s take a deeper look into Co-
creativity

Al having the capabillity to modity the
contents like their human counterpart

‘Researchers tag a variety of intferactive setups as co-
creative

‘What does co-creativity actually mean for them-e
‘Let’s explore the space of co-creativity with an ontology!

Lin Z, Riedl M. An Ontology of Co-Creative Al Systems
NeurlPS Workshop on Machine Learning for Creativity and Design 2023




How should human
creators and
creative Al

— communicate with \
each other?

How should
responsibilities be
distributed?




From computer
creative support
(Non-Al except
Computer-as-
colleague)...

') Computer-as—nanny
gwmComputer-as-pen-pal

%@Computer—as—coach

1y Computer-as—-colleague

‘9 Critic
® Professional-Critic
® Audience

&2 Sub-Contractor

Teammate

® Peer
® Apprentice
® Master

58



To co-
creativity

&) Computer—-as-nanny
/ Computer—-as-pen-pal

%Comput er—-as—-coach

ﬁﬁComputer—as-colleague

‘9 Critic
® Professional-Critic
® Audience

2 Sub-Contractor

Teammate

® Peer
® Apprentice
® Master

59



) Computer-as-nanny
#vComputer-as—pen-pal
@Comput ----------

ﬁ; Computer-as-colleague

=3

‘OCritic
® Professional-Critic
® Audience

& Sub-Contractor _

Teammate

® Apprentice

e “This one is on me..”

Computer-as < e Human do not interfere with the generative
subcontractor process until the artifact is generated.

e Strict delineation of responsibllities.




@Computer—as—nanny
;{ nComputer-as-pen-pal

@Computer-as-coach

ﬁﬁ Computer-as-colleague

|
= e “I think this looks..”
T e The human retains all responsibilities for
altering the creative artifact in response to
Conputer-as- < advice.
critic e A professional critic gives feedback on
established norms and conventions.
e An audience critic emulates people who
will experience the final creative artifact.




Computer-as-
teammate

<

e “Let’s work this out together..”
* Mixed-initiative in nature.

* Al being an apprentice, peer or master
based on its capability or human

preference.

* When should the agent take initiativee How
to adapt to, augment and extend the
human creatore




& Computer-as-nanny
#wComputer-as-pen-pal

@Computer-as-coach _

ﬁﬁ Computer-as-colleague

O Critic
® Professional-Critic
® Audience

& Sub-Contractor

Teammate

® Apprentice

Computer-as-
coach

<

e “Here is a guide..”

e Al teaches the human how to carry out a
creative task, without working on the task

e Al can augment human's creative power,

or provide actionable feedbacks (like a
master)

e Although out of the “colleague™ category,
Al and non-Al opportunities awaits




How should human
creators and
creative Al

— communicate with \
each other?

How should
responsibilities be
distributed?




o o How should we effectively
study the design space of co-
'rq I ?:l creative communications
between creators and Al?

Lin Z, Agarwal R, Riedl M. Creative wand: a system to study effects of
communications in co-creative settings, AIIDE 2022




Creatfive Wand Is a framework to

study MI-CC Communications, with

Communications
between the
designer and the
agent as first-
class citizen

Modular design
and APl that
helps connect all
kinds of creative
domains

Suggests
protocol and
metrics that

helps researchers
gain key insights

66




Components of Creative Wand

ative Contexts manageigemer@tion systems anc Feﬂ#ej
- giﬁ{:j‘t“"e CreativeContext S
i Y Manager infainvcurent interactive state.and
€| -Creqtiyve :
- Frontends =rn presentation of information from c)'hef_]

SimpIeExperien] RLExperience }

r\nr\ LHAC
[' b\‘étbﬁd{{nlyﬁ [ GenerateComm ] ceManager Manager

Presentations

- Communications de’rermln?‘rh?ﬁ?w oflinformation between
userahadGreative Context Framoor

Component Exemplar —— Implements

Instantiations




See an
Exemplar
Experiment

CREATIVE WAND IN ACTION




Exemplar
Research
Question

How will Plug & Blend enhance
a MI-CC experience regarding
co-creafive goals and
experience of human creatorse

69



] 2 3

Configure Let participants Collect

systems with use the systems feedbacks on
different MI-CC the experience
capabilities

Exemplar Experiment Protocol

70



Local communication: Substitute a sentence

[0]

[1]
[2]
3]

[4]

[5]

[6]
[7]
[8]
[9]

Sentence

a girl was walking along the street and had to stop for
a walk.

She stopped at a store to pick up some groceries.
She looked at the store clerk and said, "What's that?"
She said she was looking for a grocery store.

She went through the shelves and found a whole
bunch of groceries.

She walked into the store and picked up a box of
cereal.

She then walked out with a pack of carrots.
She picked them up and ate them.
She said she had never eaten carrots before.

She told them that she was going to the grocery store.

User rewrites sentence 5

0]

[1]
[2]
[3]

[4]

a girl was walking along the street and had to stop for
a walk.

She stopped at a store to pick up some groceries.

She looked at the store clerk and said, "What's that?"

She said she was looking for a grocery store.

She went through the shelves and found a whole

bunch of groceries. Srenaee
to leave the grocery store.

Her parents said she should buy a few more.

They told her that she needed to get some food.

She went to the store and bought a bag of bean:

She got the beans and started eating them.

Regenerated continuation



[0]

[1]
[2]
3]

[4]

[5]

[6]
[7]
(8]
[9]

Global communication: Plug and Blend

Sentence

a girl was walking along the street and had to stop for
a walk.

She stopped at a store to pick up some groceries.
She looked at the store clerk and said, "What's that?"
She said she was looking for a grocery store.

She went through the shelves and found a whole
bunch of groceries.

She walked into the store and picked up a box of
cereal.

She then walked out with a pack of carrots.
She picked them up and ate them.
She said she had never eaten carrots before.

She told them that she was going to the grocery store.

User wants a part of story to focus on
Business

Sentence

you had to buy a book to read about it.
You bought it and then you read it again.
Now you know how to use this book.

This time, you can use it to teach your kids about the
importance of reading.

You can also teach them to read and write.

You will need to make sure that you are reading the right way.

You may want to learn how to use a pen and paper to write
your book.

In addition, you may need a little help with your reading.

If you have trouble writing a book, check out our bookshelves.

If you want to know how to write a good story, here are some
tips.

Sketch To

'‘Business'

'‘Business'

'‘Business'

'‘Business'

'‘Business'

'‘Business'

'‘Business'

Whole story regenerated
based on topic requested

ics




Two conditions: Local and
Global

Module Instantiation Description
CreativeContext StoryCreativeContext A backend interfacing with an implementation of Plug and Blend
(Lin and Riedl 2021) with GPT-J(Wang and Komatsuzaki 2021)
as the base language model, supporting both prompts and “sketch-
based™ high-level control.

ExperienceManager | SimpleExperienceManager | A turn and rule-based agent that shows all available Communica-
tions and allow the user to make a choice, or request for activation
of Interrupted Communication when there is one.

Frontend WebFrontend A React.js web application with Chatbox interface and a canvas
showing the artifact and additional information. (See figure 3
oy Local condition:  User- | Unique to this condition, allow the user to manually edit any line in
Communications

WorkComm, Generate With-
FreezeComm

the story, and “freeze’ any line of the story

Global condition: UserS-
ketchComm

Unique to this condition, provides a global communication type al-
lowing the user to set topics for a “sketch”(Lin and Riedl 2021) to
influence part of the story. Also see Figure 2 for an example.

Table 1: CREATIVE-WAND module instantiations used in the experiment.




| Heip |

Creative Wand Experiment System

[ e Saanion | _ .
s s Yo o o eapand Andfo Human communicate
CreTO =G with the agent with a
>tory chatbox interface...
¥  Sentence Sketch Topics
0]
[1] Creative Wand
[2] Let's vl Aosgperheet!
[3] Halo! N yomer Crgathee Yand,
[“] Selert & iy b5 woik with the Wi
[5] [1] Apply & opic 1o part of the story 10 guide the generation process.
[} Led the VWand cuggert o new tops f0 work on
£1] Lt the Wend [nelwrite the itory, Gl in the Blanky
[6] [+1] We'ee dane!
Taite a0 301 by either describang in natural Wingusge of rephing with as
[7] rumber in [
[8]
[9]
|'1k' "-? "-I
LI N
@ T & TSRS




Exemplar experiment details

Your goal: Make a story with creative wand that start from talking_about business and ends in something_related to sports,mentioning soccer.

G#]1 G#2 G#3

60 Parficipants are recruited from Prolific and asked to create a
story meeting the goal above (G#1,2 and 3)

We ask participants to use both systems, and collect feedback
for 15 communications

We ask participants whether they completed the goals, and
level of satisfaction and frusiration

75



Your goal: Make a story with creative wand that start from talking about business and ends in something _related to sports,mentioning soccer.

G#3

Results

Reports of sub-goal Completion

#1

G#]1

#2

#3

v . 0
(] allla (1] 1= " /5

Global condition (n=32)
p-value (Ho : Pgiobal < Plocal

() O
40.6%
8

AU

() 70
15.6%

G#2

More participants reported goal
completion on Global condition

Table 2: Metrics on rate of sub-goal reported as completed.

Interactions needed for sub-goal #1 #2 #3

Of people completing
goals, global condition

7.08

p-value (Hy : Lgiﬂbal = liocal

made it faster, substantial
for some

Table 3: Metrics on interactions taken to achieve sub-goals.




Your goal: Make a story with creative wand that start from talking about business and ends in something related to sports,mentioning soccer.

Results

G#]1

Disagre

Gbl-Fru - .
Loc-Fru - D
Gbl-sat - I
loc-sat{ N
Gbl-G#3 - I
Loc-G#3 - L A
Gbl-G#2 - I ==
Loc-G#2 I oD
-G#24{ I
¢ ) = D
4 } N
1
Gbl-G#1 - I T e A
|
Loc-G#1 - I | . ™
T T T T T T T T T T T T T T
-/5% -65 -55 45 -35 25 -15 -5 5 15 25 35 45 55 65

% (Right-hand side for agreeing)

G#2 G#3

Participants are
frustrated with these
systems with only one
type of communication
available, wished that
they have both.
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Although an arfificial comparison,
we can easily expand the
communications provided.

. . We get useful insights for MI-CC
A starting point systems from this exemplar
experiment.

We've seen Creative Wand and its
flexibility in action.

78



i Let’s expand the
design space of
communications!

Lin, Z., Ehsan, U., Agarwal, R., Dani, S., Vashishth, V., & Riedl, M., Beyond Prompts:
Exploring the Design Space of Mixed-Initiative Co-Creativity Systems, ICCC 2023




Ontology of Communications

INUoUs and non-exhaustive

Human vs. Agent-initiated

* Which of the two parties initiated this &
communication?

Elaboration vs. Reflection

Reflection

* |s the communication related to
previous contents (reflection) or newly
planned action(elaboration)e

Global vs. Local

Elaboration

e What is the scope of the contents that
is targeted by the communication?

Local Global

80



Communication examples fitting our
ontology

H. provide

(I-.It.Jman Elaboration | Reflection
Initiated) (Agent . .
ore Elaboration Reflection
Initiated)

Human why writing

sLoch write o a sentence Agent Agent point
cope sentence  so that A. out that a
, Local Scope EVlele[skiNe ; :
can verify senfence senfence is
H Ask g out of topic
question A .
gent point
Global  [FENIEEC) T 9T oyt that the
Scope PRIy TOP e Scope 99¢€ whole story
control story so that topic < q cliché
A. can

81
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(Human . .
Initiated) Elaboration k eflection

. provide
y writing
akentence

Human write

Local Scop 2
a sentence

gan verify
. Ask @
HUMAnN juestion
apply topic cloeLi
control rrent story
O that A

c@n answer

We are ready to
go beyond the

exemplar
experiment!
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What do we
explore?

How does the availability of
different means of
communication affect the
creative experiencecv

83



Specifically, we ask...

How the presence or absence of
different modes of human-Al
communications affect
perceptions of creative supporte

What are the individual variables,
such as creative background and
familiarity with Al, that influences
the above?
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Pre-study Experience Post-study

Background Full sy§Tem VS, | Creative Support
TUlerEls Ablation Index+
Counter balanced Perceived difference

The study
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“Full System” vs. Ablations

Creative Wand Experiment System

/ #  Sentence Sketch Topics

L}
[
[2]

4l
5l

Human-initiated only Al-initiated only Local only Global only

[6]
7
(]

[9]

Reflection only Elaboration only All communications

[
n [Emcbmmd e el R el _



Example

All communications Al-initiated only

(Agent : .
Initiated) Elaboration Reflection

(Human

Agent
Initiated) (Ag

Elaboration Reflection B Elaboration Reflection
Initiated)

H. provide why

Local Scope Hutnan wilie o s:\;:inr::geaso Agent t Agetn :hpt:int o Agent t Agetn tthpc:int
sentence Locals entsugges e Local S ent sugges out thata
that A. can sl asentence  sentence is out Sttt asentence. | senterceisout
verify of topic of topic
H. Astk a Agent point Agent point
question
Human apply Global s Agentsuggest  out that the Globals Agent suggest  out that the
Shbslocrs topic control ibOUt c:;rir:: i a topic whole story is onalacopse a topic whole story is
story so that A. acliché acliché
can answer

+Regenerate/Undo ¥



The study

185 participants from Prolific

Pre-study questionnaire:

o Creative background

o A - General computer-aided authoring
(from 1 to 4)

> B - Game content authoring (from 1 to 4)
o C - Familiarity with Al (from 1 to 3)

o Tutorial for the experimental
system

A. Level of confidence with using a computer to author

contents:

Al. Ido not use computers to create things.

A2. I have used computers to create things, but for the
past year, I have not done it once a week.

A3. I use computers to create things more than once a
week, but I'm doing it not for the job (for example,
for interest).

A4. 1 use computers to create things for my job.

. Level of confidence with using a computer to create

games:

B1. I never used a computer to create anything related
to games.

B2. I've done some work in the realm of games, but for
the past year, I have not done it once a week.

B3. I create content for games out of interest, for more
than once a week.

B4. I create content for games for my job.

. Familiarity with Al

Cl1. All I know is no more than it being a buzz word.

C2. I have experience using something with Al tech-
nologies™ with it.

C3. I understand how recent Al technologies work.
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Post-study

 Based on Creative
Support Index
(Cherry, 2014)

* Free-fext
justifications on
perceived
difference.

Q1. (Expressiveness) This system made it easiest for me to express
and share my goals, given to me in instructions, with the Al system.

Q2. (Enjoyment) | enjoyed interacting with this system most.

Q3. (Exploration) This system was most helpful for exploring different
ideas and possibilities

Q4. (Immersion) This system made me feel the most absorbed in the
task to the point that | forgot | was working with the system.

QS. (Collaboration) This system best allowed me to achieve the
goal assigned to me.

Q6. (Results worth effort) This system provides the overall best quality
stories by the time | was done.

Q7. Which system tends to get the better response for the same
fype of requestse
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Qi

Q2

Q3

Q4

Q5

Q6

onfidence with using a computer to author contents (A]

Too few participants
61.4% | 56.8% | 54.5% | 54.5% | 61.4% | 56.8%
66.1% | 67.7% | 72.6% | 67.7% | 66.1% | 69.4%
60.5% | 57.9% | 60.5% | 63.2% | 53.9% | 56.6%

Level off confidence with u

sing a computer to create games (B1-

63.8% | 63.8% | 60.6% | 66.0% | 64.9% | 67.0%
523% | 50.8% | 66.2% | 52.3% | 46.2% | 49.2%
81.0% | 76.2% | 61.9% | 76.2% | 71.4% | 61.9%

Too few participants

Familiarity with Al (C1-C3)

48.3% | 55.2% | 48.3% | 51.7% | 48.3% | 58.6%
66.4% | 64.5% | 67.3% | 67.3% | 61.7% | 58.9%
61.2% | 55.1% | 61.2% | 57.1% | 61.2% | 65.3%

Table 2: Rate of preference on Full system, grouped by answers to demographic
than 20 participants are shown. * means different distribution with p < 0.01, + fc

B.

Participants come with diversity
in their creative backgrounds

A.

Level of confidence with using a computer to author
contents:

Al. I do not use computers to create things.

A2. I have used computers to create things, but for the
past year, [ have not done it once a week.

A3. I use computers to create things more than once a
week, but I'm doing it not for the job (for example,
for interest).

A4. 1 use computers to create things for my job.

Level of confidence with using a computer to create

games:

B1. I never used a computer to create anything related
to games.

B2. I've done some work in the realm of games, but for
the past year, [ have not done it once a week.

B3. I create content for games out of interest, for more
than once a week.

B4. I create content for games for my job.

Familiarity with Al:

Cl1. All T know is no more than it being a buzz word.

C2. T have experience using something with ”Al tech-
nologies” with it.

C3. I understand how recent Al technologies work.



Significant difference in preference between
most of the groups we have enough data with

n Q1 Q2 Q3 Q4 Q5 Q6 Q7 Welch’s i-test
Level of confidence with using a computer to author contents (A1-A4) A2 A4

Al 3 Too few participants

A2 | 44 || 61.4% | 56.8% | 54.5% | 54.5% | 61.4% | 56.8% | 56.8%
A3 | 62 || 66.1% | 67.7% | 72.6% | 61.7% | 66.1% | 69.4% | 71.0%
A4 | 76 || 60.5% | 57.9% | 60.5% | 63.2% | 53.9% | 56.6% | 57.9%

Level of confidence with using a computer to create games (B1-B4)
Bl | 94 || 63.8% | 63.8% | 60.6% | 66.0% | 649% | 67.0% | 66.0%
B2 | 65 523% | 50.8% | 66.2% | 52.3% | 46.2% | 49.2% | 53.8%
B3 | 21 81.0% | 76.2% | 61.9% | 76.2% | 71.4% | 61.9% | 61.9%
B4 5 Too few participants
Familiarity with AI (C1-C3)

Cl | 29 || 483% | 552% | 483% | 51.7% | 48.3% | 58.6% | 58.6%
C2 | 107 || 66.4% | 64.5% | 67.3% | 61.3% | 61.7% | 589% | 63.6%
C3 | 49 || 61.2% | 55.1% | 61.2% | 57.1% | 61.2% | 65.3% | 59.2%

Table 2: Rate of preference on Full system, grouped by answers to demographics questions. Only data for groups with more

than 20 participants are shown. * means different distribution with p < 0.01, + for p < 0.1.
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MI-CC tools should be
customized to different
What did we types of users with
learn? different levels of
creative expertise and Al
familiarity.




Participants preferred significantly more
a system having more Communications.

Overall § Agent-Init. Only  Human-Init. Only  Elaboration Only  Reflection Only  Global Only  Local Only
Num. valid responses 185 31 32 30 32 27 33

Q1: Expressiveness 62.2%* 74.2%%* 46.9% 56.7% 78.1%* 63.0% 54.5%
Q2: Enjoyment 60.5%* 74.2%%* 43.8% 50.0% 81.2%* 59.3% 54.5%
Q3: Exploration 62.7%* 71.0%* 46.9% 56.7% 71.9%* 70.4%* 60.6%
Q4: Immersion 62.2%%* 71.0%* 50.0% 60.0% 75.0%* 59.3% 57.6%
QQ5: Collaboration 59.5%%* 71.0%* 40.6% 56.7% 81.2%* 59.3% 48.5%
Q6: Result worth effort 60.5%* 64.5%+ 53.1% 60.0% 71.9%* 66.7%+ 48.5%
Q7: Better responses 61.6%* 67.7%* 56.2% 63.3% 78.1%* 59.3% 45.5%

Table 1: Rate of participants that preferred the Full System over the ablations. * represents a significance level of p < 0.05 on
Full system preferred over the ablation; + for p < (.1. No ablation was preferred statistically significantly.
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They also think the system gives better
responses, despite the underlying

Implementation being the same.

Overall | Agent-Init. Only  Human-Init. Only  Elaboration (‘v Reflection Only  Global Only  Local Only
Num. valid responses 185 31 32 30 32 27 33
Q1: Expressiveness 62.2%* 74.2G* 46.9% 56.7% 78.1%* 63.0% 54.5%
Q2: Enjoyment 60.5%* 74.2%* 43.8% 50.0% 81.2%* 59.3% 54.5%
Q3: Exploration 62.7%* 71.0%* 46.9% 56.7% 789 70.49%* 60.6%
Q4: Immersion 62.2%* 71.0%* 50.0% 60.0% 75.0%%* 59.3% 57.6%
Q5: Collaboration 59.5%* 71.0%* 40.6% 56.7% 81.2%%* 59.3% 48.5%

Table 1: Rate of participants that preferred the Full System over the ablations. * represents a significance level of p < 0.05 on
Full system preferred over the ablation; + for p < (.1. No ablation was preferred statistically significantly.
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What did we
learn?

We should consider
building MI-CC systems
with a wider coverage of

the design space o

- UsSer-

Al communication -

VPES.



Creative Support Index \ 3 3 =3
questions are correlated ¥ . =

Overall correlation 03 m m
Stronger correlation between

> Q1 (expressiveness) and Q2 Q4 W 0.0 fo.
(enjoyment) and Q5 (collaboration)

> Q2 (enjoyment) and Q4 (immersion) @ | 0.60]

o foseJos ol

o {osa foss o fosi fossfose]

& & & & &F &

Figure 4: Correlation between questions in the survey.
96



Focusing on enjoyable
MI-CC experience can
make them seem
Immersive, expressive,
and collaborative too.

What did we
learn?
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Salient voices from participants
Fish?* is superior to Rabbit® in that it you can guide and

interact with 1t and it listens to feedback and doesn’t or
pieract with 1t and it listens fo . 9 Ability to Ease of

just write what it wants. Fish allowed you more con- controlling,

trol in guiding the story on topics before starting so it exercise control customizability
was more accurate and also more customizable. Rab-

]"l T '|'a11' mara randans T fl"‘i lace nﬂf 1ane and ~conteald 11'

I had an easier time understanding the Fish system. Mechanical,
And it appeared to understand the topics better based O Scruta b|||1'y functional and
on my interaction. (P76) O fwo-way

understanding

Personalized Explainabllity is favored



Takeaways

We conducted a study with 185 participants and 7 MI-CC systems probing
plausible subset of a design space. We found out that:

User-based Wider Personalized

customization coverage Is
IS needed good

Explainabillity
Is favored

 And most importantly, there are much to explore beyond
prompts!
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@) Computer-as-nanny

What's next?

#wComputer-as-pen-pal

Comput er—-as—-coach

More OX@? for GTJSJ?Q\?GTYOCL;? ﬁﬁComputer-as-colleague
co-creafive o
On_l_ologya V\{C‘ys to work *9Critic
with creatorse ® Professional-Critic
® Audience
How to extend 2 Sub-Contractor
How to make beyond ! ’Teammate
role hybridse computational ® Peer
creaftivitye ® Apprentice

® Master
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How would you
expand co-creative
paradigms?



Let Al probe best way to collaborate

Let Al
probe best
way to
collaborate

Building
creator-

Expanding
co-creative

aware :
paradigms

controls




Let’s take a deeper look into mixed initiative

Human initiative and a computational
iINnifiative cooperate towards a shared goal

‘Al Is capable of a wide range of tasks.

‘How should Al collaborate with individual creators in
mind?

‘Let’s explore how Al can learn to better collaborate!

103



Human-AI Collaboration is non-
trivial...

But when human learn things, they will
ask questions on what they are unclear,
so that they can learn more In less fime!

Can we let Al do the same?

Lin, Z., Harrison, B., Keech, A., & Riedl, M. O., Explore, exploit or listen: Combining human
feedback and policy model to speed up deep reinforcement learning in 3D worlds (2017).

104




Challenge




Formalization: Reinforcement
Learning

State s, Reward r,

Action a,
Next state s, ,

Environment

106
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Training of RL in principle...

e Choose a random action 1o
EXp | Ore perform

» e Choose an action that the agent
Exp ‘ OIT believe grants the best ufility



How do we create a human-
aware agent?

e Choose a random action to
EXp | Ore perform
" e Choose an action that the agent
Exp | OIT believe grants the best ufility

e Ask for advice on which action to
take, when it is not certain

Y&

2 2 o




When should I ask for advice
from human?

1 t < Fmin
) - —J_ oot = {Il'la'x(l-pcons,tl) * fi*xd apgn = aaa Dexplors = (;ln 0.01x% [,”fq‘r: ,,,li,:i“ b o B
‘! CUIlf T 11.1 l!. B 1 cons.! Pcons,t—1 * f2 * d apQN 7£ aaa 001 f,”a.p _S t ‘
'!I]l-?u-:.
Confidence Consistency Training Curriculum
“If | believe what | think, | “If | heard what | thought, | Strategically place random
should act more by myself” should strengthen my belief exploration sessions

more”
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Evaluatio

n
Reward -

5{}_

235 S

0 -

_25 -

_5[] =

_}'5 =

—100 A

e

2000 4000 6000 8000
Trained Frames, Harder Task

I
10000

Agent listening from

human feedback
learns better

= Explore, exploit and listen =Baseline(No human advice)
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Performance Comparison, New method vs. Vanilla Q-learning

m First Success mm Time when converge  s5yccessful Training Ratio

Tx 12

6x

5%

. Listening will*‘help
even with human make m

istakes.

0.4

Perform

ance
Boost 7 02

1005 95% 9% B5% BO% 75% T0% 65% 60% h0%: Bapeline

Human-level Very noisy .
Paul 2017 Feedback Adversaria

| Setup
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What have I
learned?

By introducing human feedbacks
iINnfo RL systems, we found
performance boost especially in
narder tfasks

Human can help an Al agent learn,
even if they are not an expert and
make mistakes.

We can make an Al agent aware of
human and work with them, in the
process improving its learning
performance.
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Now, let's see how it
works in MI-CC
systems!

Lin, Z., Ehsan, U., Agarwal, R., Dani, S., Vashishth, V., & Riedl, M.
(2024). Beyond Following: Mixing Active Initiative into
Computational Creativity. EXAG @ AIIDE 2024.
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All communications

Generative Al are capable
of a lot of things...

| have demonstrated the
diverse space of
communications in MI-CC
systems, and the potential
of such a system with
greater coverage of this
design space, improving
its creative support
capability.
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Challenge

What should | do
for the creator I'm | should write
working withe

| should give
suggestions

more.

| should reflect
on overall
stfructures
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Research Questions

ow should a MI-CC agent actively
earn from human creators and
update its collaborative behavior?

How will this influence the
nerception of the creators and the
computational creative experience?




Task design: Learn a delegation

o ol
responsIiollfies. .
collaborative

preference.

The human creator focuses more on
a certain part of the creative task,

while not losing conftrol of others.

Creators can
The Al agent actively take actions eVC”UGTe .

needed to improve parts human
creators are not focusing on.




Domain: Writing stories together

| should improve

They are all good [ the first haif of

o . the story.
Beginning by Iitselt. What
should | do to best o

Development / Uprising snould improve
collaborafes the second half

of the story.

Climax

Conclusion | should reflect

and provide

suggestions



Multi-Armed
Bandits

Formalization: Multi-Armed Bandit (MAB)

J\ile AW Communications the agent can choose from

Casino

Using them to co- . )
° create will give you a rewarad

- Which one should | pull fo maximize

Reward from human creators?



https://jihoonerd.github.io/chapter02/
https://creativecommons.org/licenses/by-nc/3.0/

We built an agent equipped with
multi-armed bandits

Thompson Sampling is chosen.

o Every action receives a score, sampled from Beta (a, p)
each fime. Action with highest score is chosen

o For each action:

o a starts at 1 and increased by reward received.
o 3 starts a 1).

a = {I;’.-"‘g?ﬂ-ﬂﬂj(B(ffm Bﬂ))



Creative Wand Experiment System

Emergency Exit |

#Feel free to start writing in the text field below.

The Creative Wand will review your edits whenever you switch between textboxes.

The Wand will Ere.sem their ideas when this bar is filled.

[ Press me if wou run out of ideas or wish to let the Wandjnphnmv.]

The story

.Nr'ile about 28-3@ words here...
[1]:beginning

= Agent take

[2]:development

Initiative after

Write abo

[3]:climax

human edits

.Nrile aboll
[4):conclusion

The experiment will end once the bar is completely filled.

Creative Wand

Make a choice by clicking the buttons.

Then ask for

feedback and
Improve Ifs
collaboration
belief

@ Disabled for the experiment.



/ Online: Multiple loops per session \

Human Initiative Heuristics met > Agent Initiative Human feedback Lealflnlng e
acquired uman
Human makes edits; Agent initiates one of MAB agent updates
Al actively takes over its capability based belief and changes
based on heuristics on MAB policy and policy to find best
of human edits. seeks feedback. working style.

Result: Al finds what it is delegated to best co-create with the specific

creaqtor.

INTEGRATING ACTIVE
LEARNING




Human
Initiative

Human creators contribute
to the story by making edifs
INn any text fields, regardless
of the task they are assigned
to.

This phase ends when the
agent decides to take the
initiative, determined by a
heuristic based on edifs

made by human creators.
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Agent queries the Multi-
Armed Bandit Agent for
an action to take

Agent

Initiative -
Agent then communicate

with human creators
according to the action
chosen.



Learning from
human
creators

-~

The system seek either o
positive or negative

f

’r
o

eedback, in the form of
WO opftfion buttons.

~

/

* Action feedback - Should | keep
working on the story in this waye

e Content feedback - How about

the changes and updates |
brought to you?
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Study Methods

Mixed-method research

39 participants recruited from Prolific returned a valid
response

Pre-study

* Background

Experience Post-study

e Full system e 4 Questions

e Tutorials
e Delegation Hints

e | Ablation e Free-text feedback
on every question
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Two systems for participants to
evaluate

“The Echo Wand”

e Everything included, including the Multi Armed Bandit
agent

“The Harmony Wand”

* MAB agent disabled: always chooses a random
action.

127



Key findings



Likert Scale Scores: 1 = Most Negative, 5 =

12 3| 4] 5 | Average | Median
Q1: CAD skills L1 2 [19] 16 4.23 4
Q2: Writing skills 10| 7 (2011 4.03 4
()3: Frequency of using Al 01016 11|12 3.90 4
Q4: Understanding of AI Tech. | 0|5 | 14| 19| 1 3.41 4

Table 9.1: Participants of the study, grouped by their answer to the creative back-
eround questions at the beginning of the survey. See section 9.4 for the full question

tewts

Background of the participants
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Which system learned to collaborate with the *°

participants under that arrangement?

« The “Full” system with learning capabilities being
perceived significantly better at learning the delegation
than the baseline.

« Our MAB-based model is effective from the human
creator perspective

0.8

0.6 1

0.4 1

0.2 1

0.0 -

Q5

Baseline

Full




Which system would you recommend?

 The only difference is the learning capabilities!

» This statistically significant improvement in preference
illustrating the potential of our method in enhancing
MI-CC experience, making it better for human
creators.

0.6

0.5 1

0.4 1

0.3 1

0.2 1

0.1 1

0.0 -

Q8

ok

Baseline

Full




Key Qualitative Findings

The learning agent is Good contents also
S0 favored and m’i‘ ' fl '
.04 give sense of learning
collaborates well. and collaborating
. o Diversity is important, & Creator seek control
‘B"ﬂv always doing “best ) even when Al gives
D

action” is not ideal plausible candidates.
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A MI-CC system
that understands
the intents of the
human creators
and follows
them by learning
is in overall
favored and
collaborates well
with the

creators.

EXAG 2024

Full system “better
about learning that | specifically
wanted help with” (P34) and “more
useful helper” (P32)

Baseline system “did less of the
work
... did not necessarily learn what
its role was expected to be
(P19)"

Aligns with
Quantitative findings

133



Good content
suggestions may
give people the
feeling that the
system 18
learning how to
collaborate with
them, regardless
of how Al is
actu-

ally
collaborating
with them.

“This one learned from me
because it was able to build off
of my original foundation of my

story that | typed.” (P25)

| could see Echo Wand adding more
detail and building out more cre-
atively than with Harmony Wand.
(P18)

LM capabillity and choice
of them Is coupled.
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Diversity and Controllability

Baseline “had much more
interesting suggestions ... balanced
the second two sections to match

my intro and build up, unlike [Full
system] who almost refused to work
on them. (P36)

Diversity is also important, it may not be
the best strategy for a learning agent to
pick the “best options”, and sometimes
the agent may want to intentionally
surprise their teammates.

Al “finish the story that | started
with.” (P28)

[I] was in control of the final text to
accept changes or not, or to make
my own. (P27)

Creator conftrol is important, and
creators may want their ideas to
be included even when Al can
also provide plausible
candidates. e



Mental model - From both
directons

The success of our Full
system on learning comes
from its ability to learn a

Creators are interpreting the
capabilities of our Al agent

learning as an attempt of it
to learn a mental model of
themselves.

model of how the creators
wish to collaborate with
them.

Expectations are important.

136



What did we
learn?

We now see how a MI-CC
system is capable of listening
from human feedback and
improving itself.

This capability is well
recognized by the participants
and led to better satisfaction
overall.
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V Now & Future



“This control was
clearly not designed
with me in mind!”

“I want to conitrol

them in diverse ways
that work for me.”

“There are so many
kinds of conftrol,
which one should |
usee”

e | tailored creator-aware conftrols

e | expanded the information
exchange paradigm

e | enabled an agent to learn from
the specific human creator in a Ml-
CC seftting



['ve shown my story of
improving experiences of human
creators.

RY STORY HAS AN END, BUT IN

FE EVERY ENDING IS'JUST A NEW

= Y BEGINNING.

s this the end of the story<



Into the future

How should How should we
these agenfts educate

handle human to learn

noveltiese these systemse

How should we
facilitate
sharing of

mental models?

How do we
make this
process fune

Human-
Awareness to

Human-
Centered
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How will you let Al
g0 beyond following?



Thank you! More to come ©

hitps://www.zhiyulin.info
ZlIin34@ucsc.edu

UG SHNTR GRUZ

Shoutouts to all my great colleagues, collaborators Georgia
and friends! Tech.



https://www.zhiyulin.info/
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