[1pOeKTbl HanpaB/1eHUA

«MalwmnHHOe oby4yeHmne M aHaANM3 AaHHbIX»

PykoBogutenb Hanpas/eHUAa — LUnunbmaH Anekcen AJ'IEKCE\H,EI,pOBMH

alexey@shpilman.com




Human Al Interaction

In collaboration with SimLabs

Daniel Kudenko

daniel.kudenko@york.ac.uk



Motivation

Al is becoming an everyday presence
for the average person: human-Al
interaction.

Increased network connectivity
(e.g. internet of things) enables
collection of behaviour data: data
analytics & machine learning.




Research Vision

* Intersection of human-Al interaction
with data analytics leads to many
research challenges and opportunities in
a wide range of applications.

e Qverall Goals:

* Design adaptive Al systems that
efficiently collaborate with users and
support them in their tasks.

 Use human behavioural data to train
and improve Al systems.




Research Questions

What are the types of support that a user will need when interacting and collaborating with an Al
system?

How can we recognize the support need of human users?

How can the Al system accurately predict human behaviour?

How accurate does this prediction have to be?

How can control sharing be effectively realized in an Human/Al controlled system?

How is control handover best realized in shared-control systems? How can human and Al agents be
jointly trained to learn optimal cooperative behaviour?

How can human/Al interaction be optimized in more complex multi-agent systems with multiple
human and Al agents?

How can data from human behaviour be used to design or improve Al behaviour?

Many more questions to be discovered on the way ........




Examples of Current Application Areas

e Software Development:
* Intelligent programmer assistance.

* Air traffic control:
e Controller training support.
* Pilot behaviour modelling.

* MOOCs:

* Learner performance prediction.
* Personalized exercise generation.

* Robotics
* Socially aware robots




Human-Al Shared Control
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Asteroids Project

Implement (or use an implementation of) an action game, e.g. Asteroids, where there are different aspects to control, e.g.
moving and shooting.

Train a reinforcement learning agent to move, shoot, and do both.

Compare performance of three settings:
e Al shooting and human moving.
e Al moving and human shooting.
* Human controlling everything.
e Al controlling everything.

* How can we train the Al to optimally support
the human?

e Can a human behavioural model be used for
this training?

* Training schedules for shared control.

* |deal (but not reserved) for Masters student considering to continue with a PhD.

Requirements: familiarity with RL techniques (optimal)

1 student



Collaboration Setting

Hurhan Builder Al Builder



Minecraft Projet

* Experiment domain: Microsoft Project
Malmo (Minecraft).

» Decide on some distributed task (e.g.
building a castle).

* Train a reinforcement learning agent to
support a human player in that task.

e Evaluation criteria: performance gain 1

when 5

* Human performing the task on their own. T §
* Human receiving assistance from RL agent.

Requirements: familiarity with RL techniques
(optimal)

1 student
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Crowd-sourced Al

e Lots of data on human decision
making becoming available.

e Rather than creating an Al from
scratch, use crowd-sourced data
to compute a decision in a given
situation.
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Crowd CS-GO Project

e Data source: computer game, e.g. CS-GO (extracting
data from game recordings).

e Alternative: simulate crowd by implementing multiple
stochastic heuristic Als.

* Given a game situation, use crowd data to compute a
decision.

* |deas:
* Weighted majority voting (e.g. by expertise).
* Averaging.
 State similarity matching.

Requirements: willingness to work with weird interface of CS
data

1 student
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Taking Game Al to the next level

e 1997: Deep Blue vs Kasparov: Chess Al
beats human champion

* Minimax search with expert heuristic
and optimization/parallelization.

'2:9:3 Google DeepMind £6% AlphaGo

Challenge Match
8 - 15 March 2016

e 2016: AlphaGo vs : Chess Al beats Go
champion.

* Monte Carlo Search with Deep Learning.
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What’s next?

* Go: number of possible
actions per move and state
space is big, but not at
“real-world” level.

* Hex-and-counter games
raise complexity to a new
level.
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Vassal Project

* Vassal is an open source GUI for hex-and-counter games (and others).

* Only used to make and send moves, but does not check legality of moves and does not have an Al.

 First stage: create Al API for Vassal.

* Second stage: implement the AlphaGo approach and
test it on a hex-and-counter game.

* Third stage: take game Al to the next level!
Requirements: familiarity with a DL library

1 student
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dakTopmsauma Github’a

* BblaeneHune cTMAA HanMcaHma Koaa
nporpammucTos ¢ Github.

* [TOMCK NPOrpammMmCTOB C MOXOKMUM CTUNEM.
e [lpoBepKa aBTOPCTBA KoAa.

e Cuctema aHTU-NAarvaTa ANs AOMalLHMX 3a4a4 No
NPOrpPaMmMmnpPOBaHMUIO.

TpeboBaHua: Python nan 4yto yrogHo apyroe

1-2 yenoBeka
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Snippet search

* AHanus B peasibHOM BpeEMEHU CO30aBaEMOTIo KOo44d

* [lpegnoxkeHme NPorpammmncTy BapuaHTOB peLleHns ero
TEKyLen 3aa4m

(oT WabnoOHOB M CHUNNETOB A0 rOTOBbLIX KYCKOB KOAa)

* https://www.codota.com/, TonbKko 6onee ymHas u
yao0bOHasn

TpeboBaHusa: Java/Kotlin

1 yenosBek

=
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AHanun3 3aaa4 ana Stepik

* OnpepeneHune CNOXHOCTM 334341 NO TEKCTY ee
YCNOBUA N KOAY peLleHunA.

* [eHepauua TEKCTOB YC/I0OBUIN N KOAA peLleHuns
33,34 Mo ¥e/laemoi Teme, YPOBHIO C/IOKHOCTU
nT.0.

TpebosaHus: Python naun yto yrogHo apyroe.

1-2 yenoseka.
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Machine Learning and Information Management Lab

Nropb KypaneHok
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L11ab/10HbI MOUCKA

[MpY NOUCKe YacTo BO3HMKAET }KeslaHWe NoAYyYnUTb OTBET onpeaeneHHOoro
LHIabNOHHOrO BUAA, HaNnpPUMep Mo TOBapy XO4eTcs LeHY, OT3biBbl, GOTKU
N XapaKTEePUCTUKN, NO PUAbMY PENTUHIU, BUNETbI, OT3bIBbI TPEMIEP U
T.M..

Bonee Toro, No KaxkaoM 4acTu Mbl MPMMEPHO NMOHMMAEM YETO XOTUM U
3a4aCTYIO MOXKXEM OMUCaTb Xo4 NOUCKA TON AN UHOM YacTu.

Llenb pa6OTbI CUCTEMATU3NPOBATb 3TN 3HAHNA U pa3pa60TaTb A3bIK
Lua6l'IOHl/I3aLI,MM NMONCKa Ha KOTOPOM I'IO,D,06HbIe NMNONCKOBbIE CUEHAPWNH
3aaHNA BOMNPOCOB U n3Bane4eHnA oTBeToB MOXKHO 6b1710 6bl ONKUCLIBATD.

TpeboBaHusa: npoiiTn cobeceagoBaHue y Uropsa KypaneHkKa.

1 cTypeHrT.
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ObyyeHue c noakpenaeHmem roguelike

EcTb n3BecTtHas urpa https://crawl.develz.org, xouetcsa caenatb poboTa, KOTOPbIA YMEET B HEe UrpaTh.

OcHOBHOE OTAnYMe OT TOro, YTO AeNann B
4YacTHoOCTM B deep mind, B Tom, 4YTO
MOAENNPOBAHNE CaMOM 334a4M XO4eTcA AenaTb
aBTOMATUYECKN U TO, YTO UTpa AJNUTCA AO0BOIbHO
[0Nr0, TaK YTO HEBO3MOXKHO NONYYUTb
MMWNINOHbI NPeLeseHTOB.

TpeboBaHuA: nponTn cobecegoBaHme y NUrops
KypaneHka.

1 cTyaeHT.
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Feature extraction
B NpoLecce rpaaneHTHOro 6ycTmHra

Mbl BCce ntobum HEVIpOHHbIe CeTU 3a TO, YHTO OHU YMEIOT
pewaTtb ogHOBpEMEHHO 3a4a4y ONTUMN3AUNUN N 3aa4Y |
BblAen1e€HNA HOBbIX CBOUCTB N3 CYLWECTBYHOLWNX AaHHDbIX,

NOJ1IE3HbLIX A4 pelweHnA NOCTaBJ/IEHHOMN 3a4aun. !

XoueTcs Hay4nTbCA peLaTb NoA06HYI0 3a4a4y U ANS
rpagneHTHOro 6ycTnHra, rae Takxe ecTb NogobHas
BO3MOMKHOCTb.

TpeboBaHusA: NponTn cobecegoBaHune y Uropa KypaneHka.

0.5 0.5

1 cTypeHrT.



Peannsauma GBDT Ha GPU

EcTb AepeBbs, UX MOXKHO OYEHb
bbicTpo 0by4yaTb Ha GPU, xoyeTtca 310
peannsosBaTb. 3a4a4a OYEHb
NPaKTUYECKas, peann3oBbiBaTb byaem
Ha C++ CUDA u python.

TpeboBaHMA: xopoLwinn ypoBeHb C++.

1 cTypeHT.
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baecoBcKkre moaenmn B peKoMeHaaumax

[Mpobaema NOCTPOEHUA XOPOLLUNX PEKOMEHAALNIA OYEHb
aKTyasbHa.

OpgHaKo Xxopouwux cnocobos CTPOUNTb 3TU peKOMEHOAaLU NN MNMOKA
He npornagbliBaeTCA.

XoueTcsa nonpoboBaTb HECKONBLKO MHOM MOAX0A, K UX
NOCTPOEHUIO Ha OCHOBE BaMecoBCKUX Moaene.

B yacTtHoCTM Bbyaem 6onblie yaenatb BHUMAHMSA He CTOIbKO
NpeAcKa3aHUo OLEHKM TOBapa, CKO/IbKO NpeaCcKa3aHMIo TOro
KaKon ToBap byaeT oueHeH cieayolmnm.

TpeboBaHus: nponTn cobecegosaHune y Mropa KypaneHka.

1 ctyneHT.
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Term sharded nouvck no BuKMnNeammn

CyIJ.I,ECTByI-OLLI,VIe NMONCKOBbIE CNCTEMDbI MOCTPOEHDLI MO NPUHUUNY WapanpoBaHMA NO AadHHbIM.

Cneays asTOMy NPUHUMMIY HaZ0 Pa3NoKUTb NOPLUM MHBEPTUPOBAHHOIO CMIMCKA Ha cepBepa NOCTPAHMUYHO, BbIYNMCAUTD
paHXupyowyo GyHKLUIO, NepeaaTtb pesynbTaThl A5 Bbibopa NydlinX BBEPX NO UEPAPXUMN.

Takon noaxoA NPocCT B peannsaumm paHxupyrowein GyHKUMKN, HO HeapdeKTUBEH MO pacnpeneneHMo Harpy3Kku: Ha
KarkAbll 3anNpoc, He NoNaBLUKNIA B Kell Mbl 3aMnpallMBaeM BCE MALLUMHKW.

CyLwiecTByeT a/ibTepHaTUBHbIM NOAXO0A, TaK Ha3biBaemblii term sharded, npyu KOTOPOM NOKa/IbHbIM SIBASETCA MHAEKC MO
OA4HOMY TEPMY, a BblYMCNEHME PaHKUpyowen GYHKUMN NPOMUCXOAMT Bbille.

Bbl/1I0 HECKONBKO MOMNbITOK peannsaummn gaHHoro noaxoaa (Hanpumep Microsoft Maguro/Tiger), KoTopble Heyaanuch Us-
33 He4OCTAaTOYHOrO y4YeTa CBA3EN MEXAY PAa3HbIMMU TEPMUHAMM NPU GUNBTPaLUN.

Gr

%
EcTb naea Kak aTy npobaemy nsnevymTb C NOMOLLbIO YMHOTO anropuTMa BblaeneHns n-gramm. F-
TpeboBaHuAa: nponTtn cobecegoBaHue y Nropa KypaneHka. Q

1 cTypeHrT. N



/MaHble PermoHbI VS. A1epeBbA

CprKTypa Aepesa A4 HEKOTOPbLIX NOAX0A408 N3TNULWLHE CN10XKHA, B HaCTHOCTU, OHa NMPEeANnoaaraeT bueHune Bcero
NPOCTPaAHCTBA XKECTKUMU TPaHULLAMMN.

EcTb cnocob I'IO,EI,6I/IpaTb He uesioe AepeBo a PErmoH, 3a,£I,aBaEMbII7I npeagnkatTom, OCHOBAHHOM Ha CBOMCTBAX
TOYKU, U KOHCTAHTbI UTN pacnpeneneHnA, aCCOLI,l/Il/IpOBaHHbIﬁ C nogxogAawmnmm no ycaoBno TO4KaMMH.

Mpyn 3TOM cnocob He NPOUTPbIBAET CYLLECTBYHOLUM AepPeBbAM Npu 06beANHEHUN B aHCaMbb.
XoyeTcsa onucaTb CYLLLeCTBYOWMM MeTo, MoKa3aTb, YTO
OH paboTaeT Ha peanbHbIX AaHHbIX U NOKa3aTb, YTO
laHHaA KOHCTPYKLMA Nydlle npucnocobneHa

K UCMO/Ib30BAHMIO KaTeropmaibHbIX NPU3HaKOB.

TpeboBaHusA: nponTn cobecegosaHune y Uropa KypaneHka.

1 cTypeHT.
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MynbTULENEBOW TEHETUYECKUM A/ITOPUTM /14
ONTUMM3ALUM MOOENN KNETOYHOIO NPOCTPAHCTBA

O,EI,HOI?I N3 OCHOBHDbIX I'IpO6fI€M B MOAENNPOBAHUN
CNOXKHbIX CUCTEM ABNAETCA I'IO,D,60pKa NapaMeTpoOB.

B nocnegHee BpeMAa ANA peweHnAa TakKUX 3a4a4 akTUBHO
NCnosab3yeTca MallnMHHOE O6V‘-I€HM€, B YaCTHOCTU
a/ITOPUTMbI CTOXaCTUYECKOM onTMMmun3aunun, Hanpumep
reHeTUYeCKnm dJITOPUTM.

JlononHuTten bHOW C/IOXKHOCTbHO CNYyXUT OTCYTCTBUE
e,EI,MHOI‘;I METPUKU COOTBETCTBUA MOLAENN PEAZIBHOCTHN.

PaboTa cocTouT B peasnin3aumm reHeTUYeCKoro aJiropuTma
AN NPUBNUIKEHNA MOAENN NO HECKO/IbKUM LIeNIEBbIM

GYHKUMAM cpa3y.
TpebosaHua: Python, Numpy, Matplotlib.

1-3 yenoseka.

0.000010

0.000005

0.000000

—0.000005

—0.000010

=0.000010 =0.000005

0.000000

0.000005

0.000010

29



Legal Al

B AQHHbIN MOMEHT COBMECTHO C OPUCTAMM Mbl
pa3pabaTtbiBaem Deep Learning cuctemy aHanmsa
K/II0YEBbIX MECT B CyAeOHOM peLleHunM.

[MpoeKT byaeT NocBALWEH Ka pa3paboTKke NHCTPYMEHTOB AN
NOTEeHLUMabHbIX NO/1b30BaTENEN HA OCHOBE 3TOM CUCTEMDbI
N YyCOBEPLUEHCTBOBAHUIO CUCTEMbI KaK TAKOBOMN.

HenocpeacrBeHHas 3aaava byaeTt cOCTOATbL B BblAENEHUMN
K/1toueBbIX PAKTOPOB

[MhaHupyeTca NnpumMmeHUTb noaxos active learning.

TpeboBaHua: Python, Pandas, Test (PDF) mining, Tensorflow™.

1 yenosek.

¢'egepamm H MOTHEHPOBAHO HEHAAIEMAIHM HCOOMHEHHEM OTBETHHKOM 00A3aTeIBCTE
Mo ONJIaTe NOCTABNeHHOrD TOBAPA. OTEeTYME HaATEHAIIHM Oﬁpﬂ30]\1 H3BEIeHHBIHR O
EpeMeHH H MeCTe paspellieHHA cuopa NpelcTABHMTeNA B Cy,JIEﬁH[}E' JacedaHHue He
HanpaeHI. B cooTEeTCTEBHH C 4.

(0016 ) (016 ) (0016 ) (o019 ) [016)  [(016) [CLEEN]
(0115 ) (0115 ] (L] [0 ] LT

CornacHo paHee NpeJcTAB/JeHHOMY OT3EIBY OTBETUHK IOATEEDAIAET
chopMHPOBABUIVIOCA 34 HHM 3aJ0/eHHOCTE B cyMMe 630 41 pyb 84 Kon NOCKONBKY
YACTHYHASA OIIATA TOBAPA NpouzBefena 16 09 2016 no nnaTexHoMy nopydenuto 95.

(Dos0) (0010}
moara u 137 017 py6 25 xkon. HeycToiiku. Cy/ NPHHAI YKasaHHOe X0JaTaiCTEO HCTIA B

nopagke 4. 5 cr 49 ApGUTPaMHOIO NpoLeccyansHOro Kogekca Poccuiickoil $egepammn.

[ 0069 [ 0.065 {007 [ 0.075) [0.075 [
(007 5) [0
KpoMe Toro OTEETHYHKY H3EECTHO O JOTOBOPHOH 06A3aHHOCTH YILJIATE HEYCTOMHKH 0
CYMMe 23J0THEHHOCTH H 0 TOM YTO E NPOH3IBOACTEE CY1a HAXOAUTCA HACTOALIEE 210,
Cya cuuTaeT BEO3MOKHEIM PACCMOTPETE /10 N0 CYLIECTBY [0 YTOYHEHHEIM HCKOBBIM

TpeGOBAHHAM.
2 A43 19184 2016 Hccnegoeas MaTepHakl
(0008 | 0.012)  (OO58 | 0.018)  [D0SE | 004T) (0058 | 0013} (OO | 0.012) (008 | B.012)
defla C¥d ¥ycMATPHBAaeT OCHOBAHHA A8
(0U008 | 0012)  (eO011 ) 001y [(e05E | 0.084) (0058 | M0E6) (0058 | (k6]

YSOBEJAETEOPEHHA HCKA HCHOOA H3 CAegyHIIHX
(0058 | 0034) [IL0SE| DOBS) (0008 |0.012) (0032 0012)  [0UT35 | 0.012)
00CTOATENLCTE Aersa HOpM MAaTEpPHaABHOIO H
(008 | 012) (00156 | 0L012) (0058 | 0.020) (0008 | o12) (0,008 | 1012)
NpOLECCYATBHOND mpasa .
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Deep Learning for Nanopore Sequencing
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Next-next-generation sequencing. Mocne nponycKkaHusa Yepes HaHonopy HUTKM IHK mbl nonyyaem curHan, KoTopbli
MOXeM NepeBoauTb B NOCNeA0BaTe/IbHOCTb.

o

current

Time (ms)

CYIJ.I,ECTBVET HECKOJ/IbKO HEpPELWEHHbIX I'IpO6II€M, KOTOpbl€ NMOKa MmelwakloT A0CTUTHYTb HEO6XO,£I,V|MOVI TOYHOCTU ONA
MacCCcoBOro NCnosib3oBaHUA.

TpeboBaHua: Any DL library.

1 yenosek.
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