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[MoHATUe “UcKycCcTBEHHOro UHTenneKra” u
“MawmnHHOro ooy4yeHumna”

“UcCKycCcTBEHHbIN MHTENNEKT — 0bnacTb nccnegoBaHuin 1 NpUKagHbiX paspaboTok,
HanpaBneHHbIX Ha co3gaHne NporpamMmMHo-annapaTHbIX CPeacTB, CMOCODBHbIX K PeLUEeHUIO
TaKnx 3agad, pelleHne KoTopbiX npeanonaraeT NpUMeHeHe YenoBeKOM CBOUX
NHTENNeKTyanbHbIX cnocobHocTen.” // M.I". Manbkoeckuu*

“MawwmHHoe obyyeHue (Machine Learning) — o6LwunpHbIN nogpasnesn MCKYCCTBEHHOTO
NHTENNeKTa, n3yvyarowmn Metoabl NOCTPOEHUST anropuTMoB, cNocobHbIX obyyatbes” //

MachinelLearning.ru
1. ManbkoBckuii, M. I'. KoncrekT yiekmuii mo kypcey "VckyccrBeHHBIN uHTEIEKT / M. I'. ManbkoBckuid. — M. :
MI'Y, 2107/2018. (ccpuika: http://al.cs.msu.ru/classes/ai2017)
2. MamunaHOoe o0yueHue [DaeKTpoHHbBIH pecypc]. — Pexxum moctyna :
http://www.machinelearning.ru/wiki/index.php?title=MamuaHoe 06y4eHue, cBOOOAHBINA. — 3arJI. C IKpaHa.
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[ToHATME anNnropuTMNYECKUN MAPKETUHT

ANropuTMnMYecCKMm MapKeTUHI - MapKeTMHI Ha OCHOBE aBToMaTM3aLum
MapKETUHIOBbIX NPOLIECCOB 3a CYET CO34aHNsA anropuTMOB, CNOCOOHbIX Ha
OCHOBE aHanu3a gaHHbIX U MallMHHOIO 0byyeHns BbIbUpaTb N peann3oBbIBaTb
ONnTUMarnbHble peLleHnss B COOTBETCTBUN C NOCTABMNEHHON LENbIO.

OevineknH T.B. 2018., tihon@deynekin.ru



3Ha4YeHue MalUMHHOro oby4yeHus B
MapKeTUHre

CornacHo nccrnegosanuto “Turning Al into concrete value: the successful
implementers’ toolkit " (nccnegosaHmne npumepos 1 onpoc 1000 opraHm3auumin no
BCEMY MUPY):

e 3 134 opraHnsaumn nnaHupyoT ucnosnb3osate M ona ysennyeHna npogax
e 78% BHeOpsT TEXHOMNOMMN MaLUMHHOIO 0B6y4YeHnsa O NoBbllEeHNd

9P PEKTUBHOCTM OnepaLMoOHHON OeATENBLHOCTH

75% noBbILWAOT YOOBNETBOPEHHOCTb KITMEHTOB

79% Onga aHanusa gaHHbIX 1 MoSTydeHnss naem

1. Turning Al into concrete value: the successful implementers’ toolkit // Capgemini. URL: https://www.capgemini.com/wp-
content/uploads/2017/09/dti-ai-report_finall.pdf (naTa obpaweHuns: 2017).
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Y10 oxxmpaeTt bm3Hec oT BHegpeHunsa UN?

Improve customer experience and support [ 57 %
Provide the ability to improve upon
existing products and services _ 44%
Provide us with the ability to disrupt our industry _ 435%
with new business models, products, and services
Allow us to develop new products and senvices _ 41%
Increase customer satisfaction _ 2394
and Met Promoter Scores
Pravide new revenue streams _ 22%
Increase customer lifetime value _ 20%
Increase revenue streams _ 18%

Reduce customer churn - 10%
other [l 3%

None [l 3%

Base: 598 business and technology professionals
Source: Forrester’s Q2 2016 Global State Of Artificial Intelligence Online Survey
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https://thestack.com/wp-content/uploads/2017/01/Artificial_Intelligence_MikeGualtieri.pdf

Product

NcecnepoBaHnus, opaboTka cTaporo npoaykra, paspaboTka HOBOro NpoayKTa,
nnaHMpoBaHNe acCopTUMEHTAa

Mcnonb3oBaHne MalwlMHHOro ob6y4YyeHus e AHanu3 BHELWHUX N BHYTPEHHMX

npu NnaHMpoBaHUN HOBOro NpoAyKTa AaHHbIX

e BhisiBNeHMe cermeHToB,
noTpebHocTen, paspaboTka
XapaKTepuUCTUK NpoaykTa

e [InaHnpoBaHMe accopTUMEHTa

anMeHeHMe TEXHONOrM!U MaLUMHHOIO e Yar-60Tbl N rONOCOBbLIE ACCUCTEHTDI
OﬁyquMﬂ B CaMOM NpoAayKTe L CamoynpaBnﬂeMble aBToMmobunum
L OXpaHHbIe CNCTEMDI

OenHekuH T.B. 2018., tihon@deynekin.ru
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Product - npumepsbl

CtpaxoBasg komnaHnus “Pacific Specialty Insurance Company ”
ncrnosib3oBasnia HOBbIN Noaxon K paboTte ¢ MHGopmMaumen.
N3HavanbHaa npobnema 3akrnovanacb B TOM, YTO pa3paboTka HOBbIX
NPOAYKTOB ABMANacb MeaNeHHbIM U IPOMO3AKUM NPOLECCOM.
KomnaHua npuerekna CTOpoHHero paspaboTtymka, 4Tobbl pelunTb
yKasaHHyto npobriemMy 3a c4eT HOBbIX TexHosoruu. lNnatdgopma Obina
nocTpoeHa b6ase peweHun Microsoft Azure n Power Bl, B koTOpbIX B
TOM 4YUCNe UCMONb3yeTcsa NpeauKTMBHAA aHanuTuka Ha base
TEXHOITOMMN MaLMHHOro 0byyeHus. o 3asaBnNeHno KOMNaHuM 3To
MO3BOJIUNMO CYLLECTBEHHO COKPATUTbL LIMKIT 3amnycKa HOBbIX NMPOAYKTOB,
a TaKkke ynyyluTb CyLLIeCTBYHOLLME.

Data and analytics is key component to Pacific Specialty’s digital workplace transformation [9siexTponnsIii pecypc]. — Pexxum
nmocryma : https://www.avanade.com/~/media/asset/case-study/pacific-specialty-case-study.pdf, cBobGoxmnbii. — 3ari. c

®

Pacific Specialty

KpaHa.
9Kpata OenHekuH T.B. 2018., tihon@deynekin.ru
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[MpuMeHeHue MalMnHHOIro oby4yeHus B
camMux NpPoAyKTa
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Price

Ll,eHOBbIe cTpatermn n TaktTukmn, CKWaKm Ha OCHOB€E aHalrin3a OonbLWNX OaHHbIX.

Wcnonb3oBaHue MalMHHOIO 06y4YeHus e [lporHosvnpoBaHue LieH
ANA aHanusa ueH U NPorHo3npoBaHus

Ucnonb3oBaHne MallMHHOIo ooy4YyeHus e [lnHamunyeckoe

AnAa HasHavyeHus ueH HernepcoHanM3npoBaHHoe
ueHoobpasoBaHue

e [lnHamunyeckoe
nepcoHanmanpoBaHHoe
ueHoobpasoBaHue
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HeaBMXMMOCTBb - MPOrHO3 LieHbl NPOoaaAXMW

4,712 4,973 30,507 OpaHa n3 Hanbornee n3BECTHbIX 3aA4ad, KoTopas
Teams Competitors Entries

npeanaraeTcd Anst OCBOEHNSI HAaBbIKOB MALUMHHOIO
obyyeHus - aTo 3agava no NPOrHO3NPOBAHUIO LIEHDI
npogaxu nomoB “House Prices: Advanced Regression
Techniques”, pa3mMelleHHas Ha npoekte Kaggle.

HdaHo: 1460 oomoB Cc LleHamMn, Mo KOTOPbLIM OHU BbINK
npoaansbl. Kaxkabln A4oM onucaH vyepe3 79 napameTpos,
YaCTb KOTOPbIX HEN3BECTHaA.

https://www.kaggle.com/c/hous .
e-prices-advanced-reqression- TpebyeTtca: cnporHo3npoBathb LeHbl npogaxu ana 1500

techniques OOMOB M3 TECTOBOW BbIDOPKN.

OevineknH T.B. 2018., tihon@deynekin.ru
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NMpumep / AnHamnyeckoe nepcoHanusnpoBaHHoOe
LeHoobOpa3oBaHue

KomnaHna Sweetpricing npeanaraet ycnyru no nepcoHanmsanpoBaHHOMY
ONHaAMUYECKOMY LLeHOOBpa3oBaHUIO ANs NPUIIoXKeHUW Ha base MaLlMHHOIo
o0y4eHus, 3aaBnss 0 pocTe goxoda B cpeaHem Ha 16%.1

Key Stats 16.1% 85 31 ms

as of 12 Apr 2018 average revenue uplift apps using Sweet Pricing dynamic pricing response time

1. How Dynamic Pricing Uses Machine Learning to Increase Revenue [9yiekTpoHHBIN pecypc]. — Pexxum gocryna :
https://sweetpricing.com/blog/2017/02/machine-learning/, cBo601HBIN. — 3arJI. ¢ 3KpaHa.
OevineknH T.B. 2018., tihon@deynekin.ru
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™ &) e OuHamMmunyeckoe HenepcoHann3npoBaHHoOe
LeHooOpa3oBaHue

“Cuctema auHammnyeckoro LeHoobpasoBaHust oxeaTbiBaeT 95% nepeso3ok AO "OlK" B
BaroHax kyne, CB, ntokc, BaroHax ¢ MectTaMun ansi CUAEHUsS1 CKOPOCTHLIX NOe340B
BHYTPUrocyaapCTBEHHOIO COOOLLIEHUS.

Yem Bblle Crpoc n MeHbLie MecCT, TeéM BbllUE LEeHa Ha ouneTobl.

CTOMMOCTbL Npoe3a 3aBUCUT He TOSTbKO OT PacCTOSIHUA U NOMYSIIPHOCTU MapLupyTa, HO U
OT Taknx PakTopoB, Kak:

KaTeropmusi noe3aa;
BpeMs roga, AeHb Heaenu, Bpemsi oTnpaBneHns, npuobitmsa n T.4.;

KONMYECTBO NPEeSIoXKEHHbIX MECT B Noe3ae;

aaTa coBepLUEeHNs MOKyrnku buneTta (KonmyecTBo AHEN 4O OTrnpasBrieHust noesga).”

NcTouHuk: http://pass.rzd.ru/static/public/ru?STRUCTURE_ID=5227
OevineknH T.B. 2018., tihon@deynekin.ru
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Promotion

Flpo,u,BmKeHme MPOAYKTOB C UCMNOJ1Ib3OBaAHNEM TEXHONOrM MallNHHOIo 06yquM9|

[MpmeHeHne MalmnHHOro obyyeHus B e Programmatic

LUMPPOBOM MapKETUHTe e ABTOMATU3NPOBAHHbIE CTPATENMMN B
KOHTEKCTHOM pekrame

e MHorokaHamnbHbIN MapKETUHT

e YaT-60THI

e E-mail mapkeTuHr

[MpuMeHeHne malunHHOro oby4eHus B e AHanus n ysenu4veHue LTV
TpaguLMOHHOM NPOABMXKEHNN e AsTOomaTusaums call-ueHTpoB

OenHekuH T.B. 2018., tihon@deynekin.ru
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[MTpumepsbl: Harley Davidson

B 2017 rogy nokaneHbi aunep Harley Davidson nosbicun yncno
npoaax Ha 2930 npoueHToB, ucnonb3ys NN-nnatdopmy “Albert™.

UT0 ObINIO AN 3TOro caenaHo:

e [IpoaHanuanpoBaHbl JaHHbIE O NOBEAEHUM NOSIb30BaTESIEN HA
canTe npu 3anonHeHun popm, a Takke gaHHble n3 CRM

e BbigeneHO MHOXeCcTBO MUKPOCErMEHTOB M 3amnyLeHbl ThICAYN
MUKPOTECTOB C PasfiniyHbIMMU KOMOMHALMSIMKM 3arofIOBKOB, TEKCTOB,
WUNOCTPaLUNM B OCHOBHbIX KaHarnax

e Ha ocHOBaHWM NONYYEHHbIX AAaHHbIX U MALIMHHOIO 00yYeHUs
nnatcopma onpegenuna ny4dlne KaHasbl peknaMHble CoOo0LLEHUS
AN KaXXO0oro MMKpo-cermMeHTa n maclutabupoBarna npoasumxeHne

1. How Harley-Davidson Used Artificial Intelligence [JiekTpoHHBIEI pecypc]. — Pexxum pgocryma
https://hbr.org/2017/05/how-harley-davidson-used-predictive-analytics-to-increase-new-york-sales-leads-by-2930,

CBOOOTHBIN. — 3arJI. ¢ 3KpaHa. . ) )
OenHekuH T.B. 2018., tihon@deynekin.ru
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[MpMepbI: rofocoBbie NMOMOLLHUKHA

B 2017 roay ronnaHgckaa asnakomnaHusa KLM BHegpuna
TexHonormo “Al-assisted human agent”, 4yTobbl NOBbICUTL
9 eKTUBHOCTL CINYXbbl noaaepxkn. Cncrema Moxer
naeHTndpuympoBaTtb bonee cta YenoBe4YeCcKUX MHTOHAL NN
09 MrHOBEHHOW ayTeHTUdUKaumm n obpaboTku Bbi3oBa.
——— 070 npunBeno kK 35% noBbilleHnto 3PDHEKTUBHOCTN PaboThbl
C KnneHTamu, n okoso 30% obpalleHnn Tenepb
pa3pewatotca yepes NN-nnatdopmy.

TCARGO ==
< ‘ R

NcTouHuk https://www.capgemini.com/wp-content/uploads/2017/09/dti-ai-

report_finall.pdf OevineknH T.B. 2018., tihon@deynekin.ru
S
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Awesome! What's the
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Sweatpants
Sunglasses
Backpack

Shoes

MalmnHHOe 0byvyeHne MOXeT BbITb NCNOMNb30BAHO A1
BblibOpa onTMMaribHbIX MECT A1 Mara3nHOB, aHanmsa u
NPOrHO3MPOBaHUA NPoAaX, MMNeprokansHOro
TapreTuHra, UCrosib30BaHNA UHTENNEKTYyarnbHbIX
NOMOLLHWKOB Ansi opopMNeHnst Npogax 4yepes yat-
6OTbI, NOOKMNIOYEHHbIE K MECCEHOXepaM U coLmnaribHbIM
ceTsamMm.

OevineknH T.B. 2018., tihon@deynekin.ru




Bbirogbl cucteMHoro nogxoaa npu BHeApPEeHUM MallMHHOIO O0y4YeHus

Benefits (in percentage points) of implementing
Al based on organization category

19% 19% 19%

17% 18%

9%

O Ll i &

Greater legal/ Increase in inbound  Reduced operational  Increase in sales of  Increased cperational
regulatory compliance customer cost due to process  traditional products efficiency
at lower cost leads improvement and services

m Firms with disparate initiathves with no clear Al leadership  w Firms with a dedicated Al head/lead

Source: Capgemini Digital Transformation Institute, State of Al survey, N=993 companies that are implementing Al, June 2017
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O6owume BbIBOAbI

e J[lOoCTYNHOCTb AaHHbIX M IT-peLieHnin No3BOSIAIT BHELPATb TEXHOOMMN
MaLUWUHHOIro 0By4YyeHns1 B MapKETUHT yXKe cenyac afsi BCEX 3N1EMEHTOB
KOHLUENUMN KOMMIIEKCHOIO MapKkeTuHra “4P”

e Haunbonee nonynspHbIMM HaNpaBNEHUSIMNU NCNOMNb30BaAHUSA MALUMHHOIO
00yyeHns1 B MapKeTUHre sIBNSOTCA aHanna n NporHo3npoBaHue, paboTa call-
LEHTPOB, CErMEHTUPOBaHNE ayauToOpun, NporpaMmMaTuK, yaep>xaHme
KIMMEHTOB, ANHaMN4eckoe LeHoobpasoBaHue.

e OCHOBHbIMUK NpobnemMmamu ABNSETCA HeEXBaTKa CNeLnanuncToB Ha pPbiHKE,
Ka4eCTBO JaHHbIX A9 aHannaa, oTCYyTCTBUE LMdpoBON CTpaTernm Ha
npeanpuaTnAX.

OevineknH T.B. 2018., tihon@deynekin.ru
S



,uOrIOHHVITeHbeIe MCTOYHUKHU

1. Katsov 1. Introduction to Algorithmic Marketing: Artificial Intelligence for Marketing Operations /

I.Katsov. Grid Dynamics, 2017. - 506 c.
2. Sterne J. Artificial Intelligence for Marketing: Practical Applications / J.Sterne. Wiley, 2017. - 368 c.

3. 10 Ways Machine Learning Is Revolutionizing Marketing [9sexTponHsbiii pecypc]. — Pexxum srocrymna :
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-

marketing/, cBoboHBIN. — 3ar1. ¢ SKpaHa.

4. Machine Learning for Marketers [9sexTponHbiii pecypc]. — Pexxum gocryma :
https://assets.ctfassets.net/j5zyon17n2ql/2D4mX8PjV6iC6i8cIluSCwk/23a4ebbggabegdsa82b2fo3e1262f39d/ml-
whitepaper.pdf, ceo6oanbIl. — 3arJI. ¢ 9KpaHa.

5. Artificial intelligence for marketers 2018 [3nekTponnsIii pecypc]. — Pexxum mocryna : https://www.iab-
switzerland.ch/wp-content/uploads/2017/11/eMarketer Artificial Intelligence for Marketers 2018.pdf,
CBOOOMHBIN. — 3arJI. ¢ BKpaHa.

6. Faggella, Daniel. Artificial Intelligence in Retail — 10 Present and Future Use Cases [JJIeKTpOHHBII

pecypc] / D.Faggella. — 91eKTpoH. TeKCcTOBBIE JIaH. — , 2018. — PexxuM srocTyra:
https: //www.techemergence.com/artificial-intelligence-retail/, cBo6G0O HBIN.

7. Faggella, Daniel. Machine Learning Marketing — Expert Consensus of 51 Executives and Startups
[9nexTponnsIii pecypc] / D.Faggella. — DekTpoH. TeKCTOBBIE J1aH. — , 2017. — PesxuM jjocrymna:

https://www.techemergence.com/machine-learning-marketing/, cBoG0gHBII.

OevineknH T.B. 2018., tihon@deynekin.ru
S


https://algorithmicweb.wordpress.com/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://www.forbes.com/sites/louiscolumbus/2018/02/25/10-ways-machine-learning-is-revolutionizing-marketing/
https://assets.ctfassets.net/j5zy0n17n2ql/2D4mX8PjV6iC6i8cIuSCwk/23a4ebb99a6e9d5a82b2f03e1262f39d/ml-whitepaper.pdf
https://assets.ctfassets.net/j5zy0n17n2ql/2D4mX8PjV6iC6i8cIuSCwk/23a4ebb99a6e9d5a82b2f03e1262f39d/ml-whitepaper.pdf
https://assets.ctfassets.net/j5zy0n17n2ql/2D4mX8PjV6iC6i8cIuSCwk/23a4ebb99a6e9d5a82b2f03e1262f39d/ml-whitepaper.pdf
https://www.iab-switzerland.ch/wp-content/uploads/2017/11/eMarketer_Artificial_Intelligence_for_Marketers_2018.pdf
https://www.iab-switzerland.ch/wp-content/uploads/2017/11/eMarketer_Artificial_Intelligence_for_Marketers_2018.pdf
https://www.iab-switzerland.ch/wp-content/uploads/2017/11/eMarketer_Artificial_Intelligence_for_Marketers_2018.pdf
https://www.iab-switzerland.ch/wp-content/uploads/2017/11/eMarketer_Artificial_Intelligence_for_Marketers_2018.pdf
https://www.iab-switzerland.ch/wp-content/uploads/2017/11/eMarketer_Artificial_Intelligence_for_Marketers_2018.pdf
https://www.techemergence.com/artificial-intelligence-retail/
https://www.techemergence.com/artificial-intelligence-retail/
https://www.techemergence.com/artificial-intelligence-retail/
https://www.techemergence.com/artificial-intelligence-retail/
https://www.techemergence.com/artificial-intelligence-retail/
https://www.techemergence.com/machine-learning-marketing/
https://www.techemergence.com/machine-learning-marketing/
https://www.techemergence.com/machine-learning-marketing/
https://www.techemergence.com/machine-learning-marketing/
https://www.techemergence.com/machine-learning-marketing/

Cnacun6o 3a BHumaHume!
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