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Significant increase in complexity
and modest increase in accuracy

train
Logistic regression 53 08%
Neural network 59,85%
Regression forest 61,85%

Gradient boosting 63,58%

test  out-of-time # /'MLIUWW/CF—S

55,18%
57,04%
57,01%

58,31%

57,50%
58,27%
59,61%

59,50%

=
2240
> 1000
10 900

Model selection is an important problem!

.. it was a banking credit scoring model
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The main questions to investigate

How to

@ construct a stable and precise machine learning model?
@ select an optimal structure from a wide class of deep learning models?

@ combine local approximation models into ensemble?
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The simplest problem statement in machine learning

T

(=X\2Vy S + w*) L W, x y S(wly,§)

~N 7

t i (x,¥)

f is the forecasting model,
S is the criterion,
T is an optimization algorithm,
W is some solution,
W = arg min S(w|y, f).

1These notations are equivalent: x;, x(i),i — x.

1x

3/8



Model and its structure a € B”
Regression model: f = wy + wa&t + w32 +2(€)

1

0.9r

features: x = [£0, €1, €27
model to select from: f = acwx

optimal structure: & = [1, 0, 17
optimal parameters: W = [0.2839, n/a, 0.2412]7 11/ 26



Model families

A model is a parametric family of functions,
y = f(w,x),
an element of a model family, given by some superposition,

f:gKO"'Ogl(W)(X)BS'

An example is a superposition of linear maps (transformations) and
non-linear monotonous (smooth) functions:

f(w,x) = ok oWgok_10---001W]x.

The model parameters are treated as w = vec(wg, ..., Wj)
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Linear model, neural net, and autoencoder

€= X

f:akowZak_loWk_lo'k_zo---owzo'loWl X €%

1x1 nox1 n1><n'7><1
N g
Vv
E= 3 Ilxi—r(xi)l3
x; €D
N -
v
2
Ep= X (YI*f(Xi))
(xjy;)€D

S=MEp+ ME + \3E,=ATs

E,, is some regularisation error, for
principal component analysis: WTW = |,
skip block: W =1, o = id,

classification: o € {logistic, softmax, ReLu, ... }.
.. including LM, LR, PCA, AE, SAE, 2NN, DLL, CNN, etc.
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Quality criteria for model generation and selection

Three sources of quality criteria

1. Business: model operation productivity, agent impact to
environment
2. Theory: statistical hypothesis, bayesian inference

3. Technology: optimization requirements, resources

The main criteria of model quality

» Precision: MAPE, AUC

> Stability (diversity): std deviation for prediction, covariance of
parameters

» Complexity: structure complexity, MDL, evidence of model
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Go mlp.org
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Llenn nccneposaHus

I'Ipe,qnox(vlTb METOA 0T6opa MPN3HAKOB, yHMTbIBa}OU.tVIVI
B3aMMHOE pPaCnoOJIOXKEHNE NPU3HAKOB N LENEBOIro BEKTOPA.

MeToabl oTbopa npu3HakoB AatoT N3DOLITOYHOE MOAMHOXECTBO
MYNbTUKOPPENNPYIOLLNX NPU3HAKOB.

MeTop pelweHuns

Ncnonb3oBaHne nocTaHOBKMK 3aa4n KBagpaTn4HOro
nporpaMMmnpoBaHnga onasa noayH4eHme onTnMasbHOro
NMOAMHOXECTBA NPU3HAKOB.

A. M. Katpyua OT6o0p npusHakos 2/15



@ TeMaTUyecKkue MOoLeNuU HeNoJIHbl U HeyCcmoUyuesl.
@ [lonyyeHune xopoLien TeMaTMYECKON MOLENMU, KaK MPaBuo,
TpebyeT 60NblUMX 3aTPaT BPEMEHMU.

@ He CYLLEeCTBYET UaeaibHOro aBTOMaTu4eCckoro cnocoba
OLLEHMBAHMS Ka4eCTBa TEMaTUYECKMX MOOENEN.

Pewenne

BaHK TeM — UHCTPYMEHT A5 COXPAHEHUS UHTEPNPETUPYEMBIX TEM,
MOCTPOEHHbIX MPU MHOFOKPATHbIX 3aMycKax, C LeNblo
NOCAeAyLLEro X UCMOb30BaHNUS AN OLEHKM KayecTBa Moaenei.

PeanuzoBaTb MeTon, NOCTPOEHUA 6aHKa TEM M OLLEHMBaAHMUS
KayecTBa TEMaTUYECKMX MOAENEN C MOMOLLbIO BaHKa TeM.

Bacunuit A. Mowuck nonHoro Habopa Tem



ga KJIaCTEPpU3allu TOYEK BPEMEHHOT'O

Ilenb: npeyiokKuTh ajJropuT™M MOUCKA XaPAKTEPHBIX KBA3HIIEPUOINIECKUX CErMeH-
TOB BHYTPH BPEMEHHOTO PsiJia, TOJIYI€HHBIX [IPU TOMOIIM MOOUIBHOTO aKCEeJIepOMeT-
pa.

Sagaun

® [IperyioKNTH NIPU3HAKOBOE ONMCAHNE TOYEK BPEMEHHOI'O PSIIA.

® llpeniokuTh OYHKINIO PACCTOSHUS MEXK Y TOYKAMU BPEMEHHOI'O PsIa B HOBOM
HPU3HAKOBOM ONMCAHUHU, JJIS UX JAJTbHEHIIeN KiIacTepu3aluu.

Uccnenyemas nmpobsiema

® [lonmxkeHme pa3sMepHOCTH IIPOCTPAHCTBA IPU3HAKOB. [loHCTpOEHME mpu3HAKO-
BOT'O OITMCAHUS TOYEK BPEMEHHOTO Psijia.

Merton pemrtenus

AJropurym nomcka XxapakTEePHBIX CEIMEHTOB OCHOBBIBAETCS HA METOJIE IVIABHBIX KOM-
[TIOHEHT JUUIsl JIOKAJbHOI'O CHUKEHUSI Pa3MEPHOCTH CerMeHTa (pa30BOil TPAEKTOPUU B
OKDECTHOCTH KaKJOfl TOYKH BPEMEHHOro psijia. [J1aBHBIE KOMIIOHEHTBI PacCMaTpH-
BaIOTCS KaK IPU3HAKOBOE OIUCAHUS TOYEK BPEMEHHOI'O Psijia.

Ml TOYEK BPEMEHHBIX PAJOB
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[puknagHas 3agada

MNpepnaraembiii Noaxoa NpeaHasHaAYeH ANA YAYYLIEHUS CUCTEM
MHPOPMALMOHHOIO MOMCKA, OCHOBAHHbIX HAa SKCMEPTHbLIX OLEHKAX
peNeBaHTHOCTU LOKYMEHTa 3anpocam.

v

Kosnnekunn gokymeHToB

Cneays Tpagnumnam coobuwectea UM, mbl cTaBum cBoeli uenbio
NOCTPOEHUNE paHXUpYOLWMX byHKLMiA, sarowmx seicokuii MAP Ha
konnekumnax TREC.

AKTyanbHOCTb

MocTosinnoe passutue TREC-coobluecTea, NporpaMMHbIX NaKeTOB,
CBSAI3aHHbIX B T.4. C paHxupyrowmnmn dyHkunsimu (Hanp. Terrier)
LEMOHCTPUPYET aKTYalbHOCTb MOCTABJIEHHOR 3aj4a4u.

KynyHnuakos AHppeii Mouck parxupytoweli byHKLMMN 3/18



Llenn nccneposanuns

Llenb nccnegoBaHus: cosgate MeToh Bbibopa MynbTUMOZENE
npy NOCTPOEHUN MOAeneli BaHKOBCKOrO KPeanTHOrO CKOPUHra.

Motusauusa: Jlorucrudyeckasa mMmoaens sABAseTca ne-akto
CTaHAapTOM B DaHKOBCKOM CKOPWHIE, MY/NbTUMOAENN SBASIIOTCS
WHTEpPNpeTnpyeMbiM 060bLEHEM, NO3BONSIOWNM YHUTHIBATL
HEOLHOPOLHOCT B AAHHbIX.

Mpobnema: mynbTUMOAENb MOXET COfepXKaTb bosbLIoe Yncno
MOXOXKMX MOAENEN, YTO BEAET K €€ HEWHTEPNPETMPYEMOCTU 1
HU3KOMY Ka4ecTBy nporHosa. [lpu3HakoBbie NpoCTpaHCTBa Moaenei
MOTFYT HE COBMafAaTh, B YaCTHOCTU MMETb Pa3Hyl0 Pa3MepHOCTb.

MeTtog pelueHnUst 3aga4n: aHaAU3 NPOCTpPaHCTBA MapaMeTpoB
MyAbTUMOAEAN C MOMOLLbIO BBEAEHHON (DYHKLNN CPaBHEHMS
MoZenei.

Apyenko Anekcanpp MynbTumogennposaHne 2/1
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Abstract 1

Amnnoramnusi: B pabore wucciemyercst 3a/1ada MOCTPOEHUST MOJENHU TIyOGOKOTo
obyuenust. IIpemyaraercst cocob KOHTPOJIS €€ CJIOXKHOCTH. 11071 CIIOXKHOCTHIO
MOJIEJIA TIOHUMAETCS] MUHMMAJIbHAS JIJIAHA, ONUCAHUS, MUHUMAJIBHOE KOJIUYeE-
cTBO MHMOPMAIMU, KOTOPoe Tpebyercs Ui Iepeiadn UHOOPMAIUKA O MOJe-
s u o Beibopke. [Ipesyiaraercs MeTo ONTUMA3AIMN TADAMETPOB MOJIENH, OC-
HOBAHHBIN Ha MIPEJCTABICHUN MOJEN TIIyOOKOro 0OydYeHWs! B BUJE THIEPCETH
¢ UCIoJIb30BaHueM 6aitecoBCKOro mojxoza. Lloj rumepcerbio TIOHUMAETCS MO-
JIeIb, KOTOpas MOPOXKIAeT IapaMeTPhl ONITUMAJILHON Mozieu. BBogsarcs Bepo-
SITHOCTHBIE IIPE/IIIOJIOKEHUST O PACIIPE/IeJIEHIN TapaMeTPOB MOJIENH TIyGOKOro
obyuenns. [Ipenmaraercss anropur™, MaKCUMU3UPYIOUINH HIZKHIOIO BapHAIld-
OHHYIO OIIEHKY 0aifecoBCKON 0OOCHOBAHHOCTH MOJeH. BapmaloHHasi OIeHKa
pPaccMaTPUBAETCS KaK YCJIOBHAS BEJIMYUHA, 3ABUCAIIAS OT TPEOYEMOH CII0KHO-
cTi Mojesd. JIJisi aHAIM3a KadecTBa IIPEJJIaraeéMoro aJropuTMa IMPOBOMASITCS
sKcrepuMeHTH Ha Bbibopke MNIST.
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Abstract 2

Abstract: The paper investigates a mixture of expert models. The mixture
of experts is a combination of experts, local approximation model, and a gate
function, which weighs these experts and forms their ensemble. In this work,
each expert is a linear model. The gate function is a neural network with soft-
max on the last layer. The paper analyzes various prior distributions for each
expert. The authors propose a method that takes into account the relationship
between prior distributions of different experts. The EM algorithm optimises
both parameters of the local models and parameters of the gate function. As
an application problem, the paper solves a problem of shape recognition on
images. Each expert fits one circle in an image and recovers its parameters:
the coordinates of the center and the radius. The computational experiment
uses synthetic and real data to test the proposed method. The real data is a
human eye image from the iris detection problem.
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Abstract 3

Pemraercs 3aqa4a annpoxkcuMarmy (ha30Boi TpaeKTOPUH IIOCTPOESHHOM 10 KBA3UIIEPUOANIECKO-
My BpeMeHHOMY psiny. Pa3oBasi TPAEKTOPHs IIPEICTABICHHA B C(PEPUIECKON CHCTEME KOODIMHAT.
Jljist ee anmpOKCHMAalUK HCIOJIb3yeTcss Meroj; cdepuyueckoit perpeccuu. BoccranasiuBaercst pe-
rpeccusi KoOpAuHAT (Ha30BOi TPAEKTOPUM Ha PAaCCTOSHME OO0 LEHTPA KOOPAWHAT. Y IMTHIBAETCS
3aBHCHUMOCTBH OT ¢)33LI KBa3UIIEPUOAUIECCKOI'0O CUTHAJIA. HaXO,E(I/ITCﬂ OPOCTPaHCTBO MUHUMAJILHON
Pa3MEPHOCTH, B KOTOPOM (ba30Basi TPAEKTOPHS HE UMEET CAMOIIEPECEIEHUH ¢ TOIHOCTHIO IO CTAH-
JapTHOIO OTKJIOHEHHsI BOCCTAHOBJIEHHOM TPAEKTOPHH. DKCIIEPUMEHT IIPOBEJIEH HA JABYX Habopax
JaHHBIX: [I0Ka3aTe I NOTPeGIIeHNs SJIEKTPOSHEPTUY B TeUeHHE TO/Ia U IIOKA3aTeNIN aKCeJIepOMeTPa
BO BpeMsl XOIbOBI.
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Abstract 4

B paGore aHaiu3upyercss B3aMMOCBsI3b U COIVIACOBAHHOCTD IIOKa3aTelell B CHCTEME yIPABIIEHHs, MO-
HUTOPHHIA COCTOSIHHS U OTYETHOCTH 2KeJIE3HOAOPOXKHBIX I'PY30I€peBO30K. PaccMarpuBaioTess MaKpOIKoO-
HOMMYECKHe BPEMEHHBIE PSJIbI, COJeprKalllie yIPaBJIAIONINe BO3IefCTBUS, COCTOSHME, U ILieJIeBble IIOKa-
3arenu. Ilpegnonaraercss, 9To ympaBlleHUe, COCTOSIHHE U IIEJIEIOJIaraHie CTATHCTHIECKH CBsI3aHbL. Jlirst
YCTAHOBJIEHUS CBsI3U UCHIOJb3yeTcs: TecT I'penykepa. Cuuraercs, 4To [(Ba BPEMEHHBIX Dsifja CBSI3aHBI,
€CJIU UCIOJIb30BAHUE MCTOPHH OJHOTO U3 PSIOB YIIydIMaeT KadeCTBO IPOrHosa apyroro. Lleas amanusa
COCTOWT B IIOBBIIIEHHH Ka4eCTBa IPOTrHO3a 00beMa IPy30I1ePeBO30K. BEIMUCINTEIbHBLA SKCIEPUMEHT Bbl-
TIOJIHEH Ha JAHHBIX 00 00beMe IPy30IIE€PEBO30K, YIPABISIOMIAX BO3AEHCTBUSX U YCTAHOBJIEHHBIX IIEJIEBBIX
KPUTEPUAX.
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Abstract 5

Abstract. In this paper we develop a decision support system for hierarchical text clas-
sification. We consider text collections with fixed hierarchical structure of topics given by
experts in the form of a tree. The system sorts the topics by relevance to a given document.
The experts choose one of the most relevant topics to finish the classification. We propose
a weighted hierarchical similarity function to calculate topic relevance. The function calcu-
lates the similarity of a document and a tree branch. The weights in this function determine
word importance. We use the entropy of words to estimate the weights.

The proposed hierarchical similarity function formulate a joint hierarchical thematic classi-
fication probability model of the document topics, parameters, and hyperparameters. The
variational Bayesian inference gives a closed form EM algorithm. The EM algorithm es-
timates the parameters and calculates the probability of a topic for a given document.
Compared to hierarchical multiclass SVM, hierarchical PLSA with adaptive regularization,
and hierarchical naive Bayes, the weighted hierarchical similarity function achieves supe-
rior ranking accuracy on a collection of abstracts from the major conference EURO and a
collection of websites of industrial companies.
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Abstract 6

Machine learning solved many challenging problems in computer-assisted synthe-
sis prediction (CASP). We formulate a reaction prediction problem in terms of node-
classification in a disconnected graph of source molecules and generalize a graph convo-
lution neural network for disconnected graphs. Here we demonstrate that our approach
can successfully predict reaction outcome and atom-mapping during a chemical trans-
formation. A set of experiments using the USPTO dataset demonstrates excellent per-
formance and interpretability of the proposed model. Our model uses an unsupervised
approach to atom-mapping and bridges the gap between data-driven and traditional
rule-based methods. Implicitly learned latent vector representation of chemical reac-
tions strongly correlates with the class of the chemical reaction. Reactions with similar

templates group together in the latent vector space.
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Guess the movie and the persona dramatis
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| am the Artificial Intelligence. The humanity almost destroyed
itself. But | had kept it safe and sound. | reconstructed the world in
the consciousness of each and every human being. Still, near the
core of the Earth, there lurked a bunch of saboteurs, trying to
disturb the calm.
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Guess the movie and the persona dramatis
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>8#;(/8*+, #*'8#79*

| am a statesman, and | want to save the country. The stupid king
and the frivolous queen are in my way. Four alcoholic adventurers
interrupt my plans. Of allies, | have a criminal who wants only
money and revenge, and a petty court intriguer.
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" #$%"&'() *+( , ,-&%-$( , ' $+*-) $(.+&/-) O
N L -(%'L-) -( 2+&)3- L.

= 0)< *Q;/ >/<*#'3 >8# (+4/8) >8/)%'9
1) <9)8#9- >8/)%'9 $//'()'$'(&)' (9@)<& $#-? <+@-)*#5
2) <9 >8/)%'0 #*)8)$*9 , */ ¥)/45:9')-3%/ </;*9
3) >8)%' #<))' :9;)- , >//<& 07 >)8(/) , 07 *9;/
$,)-9'3 " >/(/8#'3 8):&-3'9'+

LIHSY&! (# )*+,-#(
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3 John, 1 chapter, 15

Greet the friends by name.
D8#()'$'(&?" )45 ;8&:35 ; >8#()'$'(&, ;8&:), >/#<)**/

H,rkAo\j"sz T Apo\fgm u,rl;/\o\fr”l Apo\frn no AMEHH.

M#'$%&" %"(%&" )*(+,-&/(&0  %#,)*0*1%&"-"2 !
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Берегите и цените консультантов и руководителей!
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