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In the Al era, what should we do?
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The usual story in Al career talks
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...And the same advice: “Be more human”
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The same story, everywhere you look

CNN Business

Al Is Coming for Your Job. Now Al isn’t ‘taking’ your job — here’s 10 Careers Al Will Replace In The
What? what’s happening Next 5 Years
Vlad Tenev, Jan 2026 Lisa Eadicicco, May 2026 Bryan Robinson, Jul 2025

World Economic Forum Linkedln

The Future of Work: Al-Proofing 92 million jobs displaced by 2030 Al won’t take your job —
Your Career Future of Jobs Report 2025 someone who uses Al will

TED - Matthew Wells Christina Wodtke, Mar 2025



Two problems with the usual answer

The ‘safe list’ keeps 5 Vague advice you
getting rewritten ' can’t act on



Two ways to read the same story

AUTOMATION HUMANITY
Automation @ Human Value

A concrete answer — “here’s how.” Generic tips — “so what?”

Let’s understand it, not just fear it



So how does automation happen?

Every wave follows the same loop:

Automation




A question repeated for 200 years
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...And still the same question today

2000
The Internet




So | want to change the question

4 N
What does Al try to
automate?
Y,
Will Al (the new automation) v
change the role of humans?
~ ™
What makes that automation

possible?

) —




Today's lecture map
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Automation Criteria for The Role of Experience &

Automation Humans Final Lessons



Automation



Why do we want automation?

Time-consuming

work Error-prone work

Repetitive work (computational labor) ‘ (inspection)
(assembly)

Exhausting

work
(hauling)




The Industrial
Revolution =
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Calculation was labor, too

Optimization

Numerical

labor “Computer”

originally the name of a job
*computational labor done by,
people

Prediction
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Large-scale Fast operations
computation

Computers

automated calculation
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But humans don't only calculate

We recognize objects We understand language We interpret situations

airplane ﬁ . .

Sentiment analysis

Totally dissatisfied with the Good Job but | will expect a Brilliant effort guys! Loved
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What Al does well — what deep learning changed

Learning patterns from data
Images / speech / text
Fast inference

Problems that can be evaluated

Inputs Outputs
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| Caption |
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Multimodal

= Processing
| Video | | Action |
Inputs Multimodal Outputs

Representation



Al is a pattern-automation technology

Artificial Intelligence (Al) B Pattern automation




Muscle

Pattern

Calculation
automation

automation automation

Industrial
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Revolution P



Historically, automation is not
about eliminating humans

N

* Machines take over the work humans used to do
 Human roles are reorganized

 Humans move on to higher-level problems



Therefore, we again must
change the question
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Q. Where is the boundary of automation?
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Q. Why are some problems automated

while others remain difficult?
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Humanity Criteria




Criteria for Automation



The essence of automation

Repeatable ' Verifiable

Requires a clear
Criterion (metric)



Problems with a criterion

Problems without a criterion

Most problems in the world are on the right




So we create criteria
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Problems where criteria are hard

N |
= s Good [ Not Well
1. Create a criterion 2. Score it 3. Problems arise
e.d., open-ended ‘ | @
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4. Revise the criterion 5. Score again

Repeat this process




Not Al
Humans

Who creates
and modifies
the criteria?



The Role of Humans
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Numbers were the invention

5

of a new criterion
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Numbers kept
expanding

Complex numbers

veey 1, 2i, 3+ 2i, ...
Imaginary
numbers
Real numbers
ey N2,93, T, ...
Irrational
numbers

ational numbe
oy 213,112, 817, ...

Integers
ey =3,-2,-1,0

Natural numbers
1,2, 3, ...



Making the complex
world computable

Expanding the criteria

4

Enables numerical analysis

4

Automates the complex world

Differential
equations

Numerical
approximation

Computer
computation

f(b) = f(a + Ax)

f(@)

v Ax

i ay

a + Ax) - f(a)




Then came things that never existed

® 2 m

The Internet Search engines Virtual worlds



Al has the same structure

F1 Score BLEU Score

Quantity of Predition Quantity of Predition
PRECISION RECALL
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The essence of Al: criterion (metric) + optimization

O

Ne

Keep improving
the metric



But there are stili
difficult problems

Reference image — Wikipedia



Which fairness?

Demographic Equal Individual

parity opportunity

Group
fairness

fairness

Definition 1 — Individual Fairness
M is fair & no pair (x,x") satisfies all of:
@ x; = x; forall i € A\P (same non-protected attributes)

@ x; # x; for some j € P (differ in a protected attribute)
(3 M(x) # M(x") (different prediction)
=» same except protected attributes - same prediction

2023 IEEE/ACM 45th International Conference on Software Engineering (ICSE)
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Fairify: Fairness Verification of Neural Networks

Sumon Biswas
School of Computer Science
Carnegie Mellon University
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Abstract—Fairness of hine learning (ML) soft has individuals who differ only in their protected attribute get
br;l::h -mmjor m:;r:_ t: the ;ez-! past. MMI:“'::::; simalar (21, 23). Galhotra et al. argued that group
impact on real "‘M' softwere, providing i in fairness ptup.mv uughlvnm ‘nklm bias in scenarsos when u’nve
practice is still lacking. Certification of ML models is challengi of discr is made for any two groups (23],
b of the ! i ki of the models.  Which led to the usage of individual fairness property i many

In this paper. we proposed Fairify, an SMTbmd approach to
verify individual fairness property in neural network (NN) models.
Individual lumu ensures llnl any two simi'lnr indl\ddmls get
similar tr of their g
Tuce, sex, age. \:nfyi-g this hlmm pmpcny is hard because of

the global checking and putation nodes in NN. We
propesed sound app lnmk:" idual 1 verification
tractable for the developers. The key idea is that many neurens
in the NN always remain inactive when a smaller part of the
input domain is comsidered. So, Fairify leverages white-box access
to the models in production and then apply formal analysis based
pruning. Our appreach adopts input partitioning and then prunes
the NN for each partition to provide faimess certification or
counterexample. We leveraged imterval arithmetic and activation

heuristic of the to perf the pruning as necessary.
W:cnlmdﬁﬂymﬁrul-mldwﬂumrh collected
from four different sources, and d d the effecty

scalability and performance over baseline and closely related work.
Fdﬂ!y-;hm-ﬁurnuehzdonmdomndmd(he

recent works [1, 8, 23-25]. John et al. proposed indavidual
fairness venfication for two ML classifiers, Le., linear
and 2) kemelized classifier e.g., support vector machine [21],
which 15 not applscable to neural networks.

We propose Fairify, the technique to verily indavidual
fairness of NN models in production, ie., already trained
models. Both abstract interpretation [26-30) and ssustiability
modulo theories (SMT) based techaiques [31-33] have shown
success in verifying different propertses of NN such as

by However, ification of NN on real-world
models has recesved little attention. We adopted SMT based
venfication since it enables practical b . e.g., solving
arbitrary verification query and providing counterexamples.
Urban et al. proposed Libra, an abstract mterpretation based
dependency fairness certification for NN [27). The approach
can nul check relaxation of faimess queries and does not

NN. Our novel formulation of tbc problem can answer d
verification gueries with rel and which
have practical implications.

Index Terms—fairness, verification, machine learning

1. INTRODUCTION

Artificial intelligence (Al) based software are increasingly
being used in entical decision making such as crimunal

les in case of a violation. Fairify on the
olher hand provides configurable options to the developers
¢ venfication of NN in practice.

\’enl)mg a property in NN is challenging mainly because
of the presence of non-linear computation nodes 1.e., aclivation
functions [27, 32). With the size of the NN, the venfication
task becomes harder and often untractable [34, 35). Many
stucies have been conducted to venly NN for different local

g, hiring employees, app g Joans, ete. Algorithmi
of these sof raised concern 1 the recent
past [1-8]. Several studies have been conducted 1o measure
and mitigate algonthmic faimess in software [9-18]. However,
provicing formal guarantee of faimess properties in practice
is still lacking. Faimess venification in ML models is difficult
given the complex decisson making peocess of the algorit

1. 1R

b properties [29, 31, 36). However, the individual
fairness property requires global checking which makes the
verification task even harder and existing local property venltiers
can not be used (37, 38). To that end, we propose a novel
technsque that can verify faimess, ve., provide satisfiability
(SAT) with counterexample, or show UNSAT in a tractable time

and the specification of the fai prop [19-22). Our

goal in this paper 18 Lo enable the verification in real-world

develop and g f in critical domains.
Albubbwlhnel.slmd“ ietal 4 probabal

techniques o verily group faimess ["'0 ’2] Cnunp fairness
property ensures that the protected groups (e.g., male-vs-female,
young-vs-old, etc.) get similar treatment in the prediction. On
the other hand, individual fairness states that any two similar

1558.1225/23/531 00 ©2023 IEEE
DOL 10.110VICSEA8619.2023.00134

and available ¢ | resource. Fairify takes a trained
NN and the vnmc.man query as input. If the verifier can
venfy within the given timeout period, the output should be
SAT (violation) or UNSAT (certification). When the venfier
18 unable to show any proof within the timeout, the result i
UNK (unknown). Our evalustion shows that using state-of-
the-art SMT solver, we cannot verify the faimess property
of the NN models in days; however, Fainify can verify most
of the verification queries within an bour. Fanfy makes the

1550



But can art have a
criterion?

Is this painting beautiful?

Is this brush texture good?




Even art can be made into

criteria
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G(photo, a),
a = {ags (stroke), a,(abstraction) }

L = Ltexture T Lcolor

Interactive Cartoonization with Controllable Perceptual Factors

Namhyuk Ahn'  Patrick Kwon'  Jihye Back! Kibeom Hong?  Seungkwon Kim'

I NAVER WEBTOON Al

? Yonsei University

Figure 1. Interactive cartoonization. The proposed cartoonization method allows user interaction over texture and color and can generate
diverse outpuls thal meet users’ & Is. Leftmost: source photography and an exemplar image of the larget cartoon.

Abstract

Cartoonization is a task that renders narural photos into
cartoon styles. Previous deep cartoonization methods only
have focused on end-1o-end translation, which may hinder
editability. I I, we propose a novel solution with edit-
ing features of texture and color based on the cartoon cre-
arion process. To do that, we design a model architecture
10 have separate decoders, texture and color, to decouple
these antributes. In the texture decoder, we propose a tex-
ture controller, which enables a user 1o control stroke style
and abstraction to generate diverse cartoon textures. We
also introduce an HSV color augmentation 1o induce the
networks 1o generate diverse and controllable color transla-
tion. To the best of our knowledge, our work is the first deep
approach to control the cartoonization at inference while
showing profound guality improvement over to baselines.

1. Introduction

Cartoons gain steep popularity in a recent, and the num-
ber of cartoon creators have also increased. The univer-
sal workflow of cartoon painters is as follows: character

drawing, which is then composed into a background scene.
Post-processing such as shading is added afterward. Profes-
sional tools [ 1, 7] provide helpful plugins to assist the artist.
Despite this, cartoon creation still remains an arduous task
even for the more skilled creators.

We follow the observation that cartoon-styled scene gen-
eration has received notable attention. Many artists con-
vert real-world photographs into cartoon styles to utilize as
a background scene, dubbed as image cartoonization. This
allows creators to more focus on effective decisions in mak-
ing cartoons, such as character generation. It is shown that
deep learning-based cartoonization approach is able to pro-
duce cartoon-stylized output with a prominent quality, that
is possible to be utilized in real service production 5,6, 19].

However, the previous deep methods skip the intermedi-
ate procedures of cartoon-making processes, thus disabling
the creators from controlling outputs. The artists follow
a series of structured steps when creating a cartoon back-
ground from a photo (Figure 2). 1) Color stylization, where
the author changes the color both locally and globally. Sky
synthesis is performed along with this procedure. 2) Texture
stylization, where additional sketch lines are drawn, and
fine details are selectively removed to achieve the different



Good writing and good painting
Example:
— Writing that meets fairness criteria
— Painting that meets brushwork criteria

KEY TAKEAWAY

In short, automation is
ultimately the history of finding



We are still creating criteria today

Expansion of the number system Expansion of Al evaluation criteria

Introduction of zero

Extended numbers

Numerical analysis




The people who matter in the Al era
create the criteria for automation

Al optimizes the criterion

Humans invent it




Experience and Final
Lessons



Formal Computing and Al Lab.

Assistant Professor

Jieung Kim is a tenure-track assistant professor in Department of Computer Science and
Engineering, College of Computing, Yonsei University

Jieung Kim worked at Google (Research - Personal Al Privacy & Security - and Core ML - Model

Optimization - teams) and Inha University (Assistant professor in Computer Engineering, College of
Software & Convergence) before joining Yonsei University. Before that, he received his degrees from
Yale University (Ph.D), KAIST (M.S), and Sungkyunkwan University (B.S.).




Undergraduate

My career kept changing

—

Sungkyunkwan
University

PhD / Postdoc

KAIST

Research Engineer /
Software Engineer

Yale University

—

Google /
Google Research

Inha University,
Yonsei University




My works also kept changing

Undergraduate w PhD / Postdoc Research Engineer / M
Software Engineer

Google / Inha University,
Google Research Yonsei University

Sungkyunkwan
University

KAIST Yale University

Programming High-reliability Distributed systems Mobile OS Neural network Software &
Al systems

optimization expert safety expert

Computer
engineering expert

language / type operating system protocol (Android)
theory expert expert safety expert reliability expert




But there is one thing that never changed

(8 Making complex systems trustworthy

& Building “criteria for safety” based on logic and math




The problem
that | worked on

Distributed systems

- Backbone of several internet services

X Failures can occur
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The criterion that | built

The question is how to judge

the correctness of general distributed protocol
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Extending the criterion: ADO - Adore

ADO (OOPSLA 2021)

Adore (PLDI 2022)

Failure model

Benign (crash / network)

Benign + reconfiguration

Key advance

Fault-aware atomic object;
exposes key failures

Dynamic membership change
(reconfiguration)

All kinds Distributed systems (DS)

DS with ADO




The problem I'm
currently solving

Grafting layer
(Layer to predict features)

4 Subnetworks

¢ o o

coss) I Feature 1
 Classa | supermask

Feature 1: recoginizing

’ vehicles
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B == o

Feature 2: recoginizing
animals

~,

The criterion I'm
currently building
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A new criterion in the making

Structural divergence
Do the parts look different inside?

1)

Single for all

—)

[

Operable separability

Can you operate on one part by itself?

i

Separate criteria for each




Technology keeps changing

New New
technology problems




But the problems remain.




Al optimizes criteria

but it is people

who create and
modify them



Techniques
& Jobs

Problems

— don’'t chase them

— dig deep into them

)]



If you have any questions in the future, contact me:
via iieungkim@_yonsei.ac.kr (for official works)
or @hasutudio (Insta for casual chats)



mailto:”jieungkim@yonsei.ac.kr

	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Slide 58

