LInmdpoBaa NCUXONOrn4:
KakK MeHaeTcsa 0bLUeHne ntoaen 1
KaK MaLUVHbl HAYNHAKOT FOBOPUTL U
NrpaTtb ¢ HAM?

Cepren TntoB & Jlapuca Mapapuua



Y10 Takoe obLueHmne”?

o OBMEH MHMOPMaUMEN
e BocnpuaTtve apyr gpyra

e BaanmMoBnaHme



BoeanTt nn obLeHme oHanH"?

e MNOTE3A BbITECHEHNSA «HOPMAaIbHOIO» ODLLEHUS
e [MOTE3A KOMMNEHcaUM npodnem B 0OLLEHNN

o [NOTE3A O TOM, HTO OHO INOMOIacT YMEJIbIM



J tobnmMble BOMPOCH!:

npasga A YTo CETY BIOHAOT B AEMPECCUIO?
e MpPaBOa N, YTO OBLUEHME OHNanH CHKaeT |Q7
e MpaBia N, YTO CETV MOPOXKAAKOT 3aBVCTb 1 HAPLMCCU3M?

e MpPaBOa N, YTO OBOLLUEHUNE OHSTAH CHUMAET OrpaHnYeHnAa”?
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Modeling users' activity on twitter networks: Validation of
dunbar's number. PloS one, 6(8), e22656.

» NapacounansHble - 0QHOCTOPOHHME CBSA3N:

e Quello

Dunbar, R. |. M. (2018). The anatomy of friendship. Trends in cognitive sciences, 22(1), 32-51 SeC] I‘Ch 0 W\ .
Dunbar, R. ., Arnaboldi, V., Conti, M., & Passarella, A. (2015). The structure of online social networks P . t - =
mirrors those in the offline world. Social networks, 43, 39-47. rOJeC



A 4YTO MpaBaa rnpo CeTn'’

HoBble CMW n noctynHaa obLuad naMsaTb 1 3HaAHNS
MCTOYHVK NapacoLuasibHbIX CBA3EW 1 HOBbIV NXT
LINPpoBas aBTobmorpadnyeckasa 1 coumanbHasa NaMaTb
counanbHaga cMaska 1 MUK

HOBbIE [1dHHbIE O HEJIOBEKE




KaK OH caM XO4eT
NnpoMUISA coLnanb

-eNoBEK B LMpe

1pedCcTaBUTb cedba ApyriM Ntoaam, Harnpumep, Ha NyoennyHbIX CTPaHULLAX

HOW CEeTU

Kak «BEKTOP» OaHHbIX O BAO-aKTUBHOCTW «COOKIES» TN MOCTYMKax B TOM U HOM
LINIDPOBOM CepBUCE

KaK NOEHTNHYHOCTb, KOTOPYHO MOXHO Orpenesintb, MNMeA AOCTaTOHHOE KOJIMHECTBO OdHHbIX

KaK Nncuxonorn4ecknii npodunsb, KOTOPbLIN HayHUITMCb ONpenenaTh nocne LWyMHOro ycrexa

Munxana KocrHCKU

KaK XapakTeEPUCTVKI, KOTOPbIE MOMYT MOBOPUTL O ero OCOBEHHOCTAX Ha A3bIKe JaHHbIX
(MapKepbl 1 MHBAPWAHTbI)



Kak ntoay obLuaroTeda ¢ Al&rampketamim’?

NCMOMBb3YIOT TE XKE «MHCTPYMEHTbI», YTO U B OOLLEHN C NMOABM
N30EeBAKOTCHA Ha «MCKYCCTBEHHbLIMW NEPCOHAMI»
NeEPEXXMBAOT 3PMEKT «3NOBELLEN OOMVHbI»

OOATCA MaHUMYNALUNIA CO CTOPOHbI Al

«Computers Are Social Actors» Paradigm (CASA) (Nass, Fogg, & Moon, 1996; Nass, Steuer, & Tauber, 1994)

«Cognitive-Affective Processing System» (CAPS) was developed by Mischel and colleague (Mischel & Shoda, 1995; Shoda &
Mischel, 1998), it explains the «personality paradox»



Kak Al obLLakoTca ¢ ntoapbMimn‘?
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TEeKcTa 1 pedn

KoMMyHUKaLmsa YenoBeK-4enoBeK: OTTOYEHHbIE HOBbLIN «A3bIK» KOMMYHUKaLUX YenoBeKa N YMHbIX
MeEXaHN3Mbl OOLLEHNS, Pa3BUTbIN AMOLMOHASTbHbIN U MaLumH/intelligent human-computer interactions
coumnarnbHbI UHTENNEKT (IHCI) systems & People’s Al-analytic
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Chatbot vs Human

Match says Lara boosted registration rates by 30%, and it can now also

recommend matches based on user data. Similarity-attraction
paradigm?
"If you look at how similar a robot is to a person, the more similar the robot is to the

person, the more empathetic that person is towards the robot, but right before the
robot seems just like a person people start really despising it. People don't want
machines to be as intelligent as humans right now."

Baron Memington  Ba n Derp - 3
W @TayandYou Do you support genocide?
4
- Tay Tweets |
=8 @Baron_von_Derp i do indeed

nttp:/ /Www.bbc.com/new

unc%lnniness—fee

Porn chatbot tricks Argentinians into ing
thinking they’re chatting with President

Published:f PTEMBER 7f016

http://ispr.info/2016/09/07/porn-chatbot-tricks-argentinians-into-thinking-theyre-chatting-

with-president/



Kak ntoay obLuaroTeda ¢ Al&rampketamim’?
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HTO Takoe ummpoBas NCUXonorna’?

e HOBblE JAHHbIE O YENOBEKE - MOBEOEHYECKN MOYEPK
e VHTErPaLUMa 3HaHM O YenoBeke B Al-cepBUCh

e Al Kak HOBaA MoOenb NCUXMKM O HAYKN
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Pe3ynkraTthl uccnegoBaHUgA
(TutoB C.M., Mapapuua J1.B., 2018)



Humanyze -

-
(.) humanyze

MIT-project

PRODUCTS SOLUTIONS CASE STUDIES RESOURCES COMPANY LOGIN REQUEST A DEMO

Humanyze Elements Platform

Data

The Humanyze Elements Platform has two major sources
of data: digital communication and the Humanyze badge.
These can be used together or independently to provide
insight. Once your data sources are deployed, your
organization is ready to start learning!

https:

QO O

el B0

Analytics Engine Dashboards

DGGT, our digital upload utility, and our badges upload Those insights are then presented back through meaningful
data directly to our cloud where the Elements analytics dashboards and reports that help both employees and
engine processes the data into valuable insight. organizations take action.

www.humanyze.com



ViccnenoBaHna KOCUHCKN

Openness

A 1 "1 -
ALTECADNTIOSS

Spouse (0.58) b= e e —-
Computers’ Average Accuracy (0.56) p — — === === m e e
Family (0S50 b=~ m =
Humans' Average Accuracy (049) b~~~ == ==~

Five-Trait Average

Neurothicasm

~s_ ] Friend (0.45)
Cohabitant (0 45)

Accuracy (self-other agreement)

~ —{ Work Colleague (0.27)

Number of Facebook Likes (log scaled)

Youyou, W., Kosinski, M., & Stillwell, D. (2015). Computer-based personality judgments are more accurate than
those made by humans. Proceedings of the National Academy of Sciences, 112(4), 1036-1040.



Chatbot with
Personality
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Zhou, L., Gao, J., Li, D., & Shum, H. Y. (2018). The Design and Implementation of Xiaolce, an Empathetic Social Chatbot.
arXiv preprint arXiv:1812.08989.



Affectiva and Uber want to brighten Crossing Minds would like to

your day with machinelearningand  recommend a few entertainment
emotional intelligence options
Devin Coldewey G@techcrunch / 2 years age L] Comment Bl il Bl b Wi e BN taiica

w
.=

Inside EyeEm, the photo fanatics using  The British data-crunchers who say they
artificial intelligence that can beat Google helped Donald Trump to win

» EyeEm co-founder opens up about Al-powered photo competitions on launch of IE Are Cambridge Analytica brilliant scientists or snake-oil salesmen?
UK 'Mission'.
Paul Wood

Updated February 1, 2018 15:07 GMT

z By Jason Murdock n a




Capka3m

M 3alaum B KOTOPbIX MalLMHbI CNPAaBAAKTCA /lydlle MeHA



| i\

the movie so much

f [advmod \

[advmod:

that

-

theater

JInHrBncTnyeckuin noaxoa K obHapyXeHuto capkasma
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/lo6aBMM NMCHUXOJIOT MU

e[lepcoHasnbHble - 150%5 npu3HaKoB ANnA npeAcKa3aHUA BbipaXKEHHOCTU
BIG5 (2400 npnmepoBs)

e DMOLIMOHA/IbHbIE - pacrno3HaHWe OCHOBHbIX 3MouMK: Anger, Disgust,
Surprise, Sadness, Joy and Fear (5250 np1mepoB)

eCeHTMMeHT - 100 npM3HAKOB NO3UTMBHOW/HEraTMBHOM/HEUTPASIbHOM
oKpacku (9,497 npumepoB)
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[lony4yeHHaa apxuTekTypa HEMPOHHOU CETH
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Figure 3: Visualization of the data.

Dataset | Dataset 2 Dataset3 D3 => DI

Dataset 3

(Ptacek et al., 2014)
(Joshi et al., 2015)
Proposed Method (using all features)  97.71% 94.80%

94.66% 92.37%
65.05% 62.37%

63.37%
60.80%
93.30%

53.02%
47.32%
76.78%




Po60-pyKn 1 getckoe pasputue

Kak coBeTcKkaa NCMXO010rMa UCMOJIb3yeTCS B pOOOTOTEXHMKE



bbicTpoe U 3dpdheKTUBHOE 00y4YeHMe paboTbl MAHUMNYJIATOPOB - OCHOBHAA Nperpaja
NS LWMPOKOro UCMNoJib30BaHUA JaHHOIo Tuna poboToB



/lo6aBMM NMCHUXOJIOT MU

BbiroTCKMM B CBOEM paboTe yTBepxKaan,

YTO YKa3aHMe (KaK »KeCT) BO3HUKAET Yy

Ly '

2 eTell, Kak HeyAayHas nonbiTka
= aBauTe NoCTPOMM poboTa, KOTOPbIM
= XBaTaHMA.

TOXe NpM HeyAa4YHOM MOonbITKE XBaTaHUA

\

byaeT YYMTCA YKasbiBaTb Ha LeJb U

NOCMOTPUM YTO noayumrtca!



OcHOBHasa naes 3ak/4vaeTcs B

TOM, YTO Mbl BYZJEM MEHATb Targes poiion
Y
Hally CETb HE B CJlyYae eaning e [ e
v A
HeyJa4yHOoro 3axBaTa a 3a Kak ey

No

MOXHO 60/1ee ToYHoe

YKa3bIBaHME.
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[leMOHCTpauna pesynsraToB



Kak MalnHa BUAUT?

Kakne KoHuenuMn y Hee noABAATCA?
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State-of-the-art DNNs can recognize
1 . - .
real images with high confidence

But DNNs are also easily fooled: images can be produced that are unrecognizable
to humans, but DNNs believe with 99.99% certainty are natural objects
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[ loH4YUK (bagel)






[ pywa gnga ouTtbA
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OueHkKa Al

/loCTaTOYHO /I Mbl XOPOLLKX A1A TOro YToobl oLleHuBaTb Al?



Bali o—Alaska e ..

You’'d need to take a
®—business call-at-a-weird—e
time on the first day

It's a vacation you
can reschedule

Trip length is enough
to adjust

You hate jet lag

This hasn’t worked for

Medication can I you in the past
help with jetlag ' ) ' That's easy)

J \Prescrlptlon needed 56 Ohhan

Ohio

Where should | go
on vacation?

The flight will
dominate the cost

You don’t have
a passport

o—Use expedited service ——®—That costs too much

Insignificant &
The flight takes

longer
\. Insignificant compared 2 There are no larger = Bali’s much

FIGURE 1 A hypothetical partial debate tree for the o trip.length considerations warmer
question “Where should | go on vacation?” A single
debate would explore only one of these paths, but a = You prefer hot to cold
: : : It's too*hot
single path chosen by good debaters is evidence that S Kobslwaysiinodl o It's January

other paths would not change the result of the game.



HUMAN DEBATERS MACHINE DEBATERS
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