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Outline of Today’s Lecture:
Predicting Human Decision-Making

— HCI, HAI/HRI [ & |+ 2PHDM D EE 4

Should have been: Human-Interacting Agents
based on the Predicting Human Decision-Making

ETILEE?
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Expert-Driven Paradigm: Theory
Data-Driven Paradigm: Practice
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Trust and Decision-
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“Predicting Human Decision-
Making: From Prediction to Action”
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Should have been:
Human-Interacting Agents based on
the Predicting Human Decision-Making



Why do agents care about
human decisions?

Would you consider an autonomous car that
Is Incapable of predicting what people
(bedestrians, drivers, or its own passengers)
are about to do next intelligent or even safe?

Most probably not...
Endowing agents with Intelligence:
Mimicking
Reacting to | H"’"an o
Reasoning with ec,:s. /o
Improving upon ”*Inakl.ng

7



Human Decision-Making (1)

Complex Cognitive process
A lot of theoretical questions

A lot of practical implications

— Should we try and Understand or Predict?




Understanding DM

‘...much have been learned about how and why
we make decisions.. yet we are still discovering

the tlp of the iceberq...

Rorie AE, Newsome WT. A general mechanism for
decision-making in the human brain? TRENDS in
Cognitive Sciences. 9(2):41-43 (2009).

. Gold JI, Shadlen MN. The neural basis of decision making.
Annual Reviews in Neuroscience. (30):535-574 (2007).

. Kiani R, Shadlen MN. Representation of confidence

associated with a decision by neurons in the parietal
cortex. Science. 324(5928):759-764 (2009).

J. P. Gallivan, D. A. McLean, K. F. Valyear, C. E.
Pettypiece, J. C. Culham. Decoding Action Intentions from
Preparatory Brain Activity in Human Parieto-Frontal
Networks. Journal of Neuroscience, 2011;



Predicting DM

— [Easier to validate
— QObservable - No intrusive investigation

— QGreat theoretical and practical benefit

« Jo the Agents community:
— Enhancing Human Interaction with Software\Robots...
—  Training People
—  Replacing People
—  Supporting People
—  Learning from People

10




What drives human DM?

— Among others...

Past experience (Juliusson, Karlsson, & Garling,
2005, Sagqi, & Friedland, 2007)

MANY Cognitive biases (e.g., Marsh, &
Hanlon, 2007; Nestler. & von Collani, 2008;
Stanovich & West, 2008; West et al., 2008,
Epley, & Gilovich, 2006).

Individual differences such as age, cognitive
abilities, gender... (de Bruin, Parker, & Fischoff,
2007; Finucane, Mertz, Slovic, & Schmidt, 2005,
Reed, Mikels, & Simon, 2008)

Decision Complexity (Goldstein & Gigerenzer,
2002; Hilbig & Pohl, 2008)

Social aspects (Acevedo and Krueger , 2004).



. Role of the prediction agent

— Cooperative

— Adversarial

— Partially Conflicting




. Cooperative prediction agents

— The agent only cares about the human
benefit, like “Teammates”

e.g., Rehabillitation, Automated Assistant

— Example: Robot Assistant

Needs to anticipate what the person’s next
action will be and act accordingly

—  bring the needed pieces\tools...

—  Movie — Robotic Assistant (Cornell)

13



. Adversarial prediction agents

— The agent’s success means worse
outcomes for the person

e.d., game playing.
— Example: Poker

Carmel and Markovitch (1993) were the first to
try to automatically learn a model of the
opponent’s move selection progress

Opponent modeling is a strong buzz-word in
games

2017: Carnegie Mellon University's Libratus just
won a 20-day tournament against the world
champs of Texas Hold'em (Noam Brown and
Tuomas Sandholm) 14



. Partially Conflicting Interests

— The agent is interested in A, which partially
conflicts with the human interest

* e.g, hegotiation
— Example: Economical Recommender
Systems
- “Buy this book, you will like it!”

«  (AND it will make us more money than the other
options...)

amazon.com Recommended for You

Amazon.com has new recommendations for you based on items you purchased or
told us you own.

LO:

T 4

K INSIDE!
ipps

Google Apps Googlepedia: The 1 5
Deciphered: Compute in Ultimate Google
the Cloud to Streamline rivate-Label We Resource (3rd Edition)

Your Desktop




. Active Actor vs. Observer

— Sensing and recording
- e.qg., Activity loggers

«  Modeling and Understanding Human Routine
Behavior, Banovic et al. (2016)

— Takes Action
* e.g., smart home.

«  Cook, Diane J. "How smart is your home’?
Science (2012

cccccccccccc
NNNNNNN
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Are people predictable?

— Expert-Driven
Decision-Theory
Game-Theory
etc.

— Data-Driven
Statistics
Machine learning
etc.

17



Theory:

Human Prediction Model

High-level illustration of the integration of
human prediction models in intelligent agent
design

Expert-Driven

Data:

Data-Driven A



Expert-Driven
Paradigm

19



Decision Theory

(Single decision maker)
Decision Theory = Probability theory + Utility Theory

(deals with chance)  (deals with outcomes)

—Fundamental idea
The MEU (Maximum expected utility) principle

Weigh the utility of each outcome by the probability
that it occurs

20
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Prospect Theory (1)
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Prospect Theory (2)
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Prospect Theory (3)
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Prospect Theory (4)
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INATPR:AVRMNTABM

- Reflective SystemD1REE
- *“AVNZARKNDINA TR
. £ : Print & web subscription% iR (84%)—#A : EAF DEIR
F% (0%) Z HlIBR—web d & % 23R (68%)

- BEEIR - BEAREICEIFTB/INA 7R (“F v V") DIREE
B HFOREEEELULLARNS YDA = 1 —0EIR

U Economist.com subscription - US $59.00 Q Sconomist.com subscription - US $59,00
ool 16% e S
The Economist since 1997, '

L ' =)
of hedconomise,. | O |

W Print & web subscription - US $125.00 Wmmr subscription to .

\
i SULSLTIIPUUIT I W of The Economist and onlir o |
of The Economist and onlir{ &3 & A articles fram The Feanamis 4 /o
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Data-Driven
Paradigm

27



Setting

Supervised

Labeled decision making settings
— In setting X, person y, choose z

Construct a model F(.)

— Such that F approximates the real decision making
outcomes

—  Generalizes to new decision making settings

Unsupervised
Unlabeled decision making settings
— In setting x, persony

|dentifying underlying structure
—  Clusters
— Association rules

Reinforcement Learning

28



Who to Model? What to Model?

Personalization

@ogle N@ Darko

Fully-Personalized

Model
Targeted YouTube
Marketing
Semi-Personalized Climate Last fm
Model Control
i CDS
Generalized Model Uitimatant AlphaGo
Game

Situationalization

Narrow Broad Holistic
29



. Deep networks should answer
all our prayers!? (1)

— It’s (supposed to be) easy!
. Deep learning has demonstrated the possibility of

stunning predictive performance via learning features and
digesting large amounts of data

Could we automatically search for decision-making
models?

— However, all that glitters is not gold. At
least not yet.
« Prob. 1-Deep Learning is a dark art
—  Not a “one-size-fits-all” solution

—  Not an “off-the-shelf” solution
— A LOT of tricks.

30



Deep networks should answer

all our prayers!? (2)

Prob. 2 - Where is big data coming from?
—  Observational data:

»

»

»

»

»

»

»

Posts to social media sites
Digital pictures and videos
GPS trails

Transaction records

cell phones

Traffic

Etc.

Hard to Obtain for Many Decision Settings!
Task and Goal Oriented Data Collection is Difficult!

31



. Predictive coding DI ZE (1)

- Predictive coding (FHIF=1k)

- ANBEARISDRENT—FIEZITHSHEZ
AL TWS DT TR WL

- AEVEECHKITD Y T VDFHNEER

®EZRLLLUTWS mp BERTR/ILT—REA

(8)

Forward connections

convey feedback
$ Adjust hypotheses

32
Shipp, Adams, Friston (2013)



. Predictive codingD#iE (2)
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. Predlctlve coding D= (3)

T XJLF—JRIE (Free-Energy Principle)

- AFIC B@?%EW%T%&L@T’_@Wﬁﬁ STESNSZE
DTEHRIXRILF—Z&IMELT 58
- IRREZEZE R D EICK>TIEL L\wn"k u:n:%ujz (perceptual

inference)
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Z 33812 (active inference) DDA SHLETWEEEZ S
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BROERIZDI—IVMNETIL

Data & Al

Expert-driven Data-driven
Prospect theory Deep Neural Net
Behavioral biases Human User’s data and

Prediction intention
Model (HPM)

Predictive|coding

Theory Data & Al

» Constructing

Environment 1]
Model Constructing €« |
“Nudge”
1
Environment
Model

Modal control in loT
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Trust and Decision-Making
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You Won’t Believe
What Obama Says In This Video!

"President Trump is a total and complete dipshit” (20¥3&71=bD) 37
KRS Y PKBHEIFBVNESDREWIY X T




DeepFake

« 2017 BRAANDEICANE Z RNV / BRIED
Redditlic &35 — 27 )L T X LsDeepFakeh GitHub

- DeepFakeZz BIEBAI 7O T A
- "BiZE ) D RNBARGEFZIRE
- Media Forensics (DARPA)
- FEVPEIERE. TIYIVERSINIZIERDE
BEEIEEEZF Ty I TEDY—ILZ2RARE
» AR D“3{bEkFR”
— I TICABEICIKFIRITE R, | .
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. Media Forensics (J. Yamagishi, 2019)
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Spoofing/PAD and GAN

GAN Speaker

verification

True or Fake Genuine or impostor

I

Service provider

Speaker
D verification
Propagate
gradients
Real Real users ! Real users !
samples Attacker’s Attacker’s
G~ model model
When update G, all Attackers can’t use service
information related to provider’'s model for PAD models plus
D is available updating their model biometrics
White box settings Black box settings

40



B o cceoTheni

However, ---

In Their Targets in ASVspoof challgenge
‘Detection of computer-generated fake
speech/facial videos/reviews

‘Note that human-generated fake media or
the validation of semantics/contents of the
media (fact check) are the out of the scope of

the talk

41



Flood of “Fake News”
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We are living in uncertain, confusing times — s e
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