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Significant increase in complexity
and modest increase in accuracy

train test out-of-time # /7 ad0 WW/CF_S

Logistic regression s5308%  5518%  57,50% =
Neural network 59,85%  57,04%  58,27% ~ 240
Regression forest 61,85% 57,01%  59,61% > 1000

Gradient boosting 63,58% 5831% 59,50% 1 0 1224

Model selection is an important problem!

.. it was a banking credit scoring model
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3afla4a HaxoXAeHUst Hanbosee NpPaBAONOA0DHbIX
napameTpoB

3apana Beibopka D = {(x;,yi)}, i € Z, dyHKums owmbku

Mogenm S n mMogenb — napaMeTpuHeckoe CEMencTBO

dyHkumii f(w, x). Tpebyercs HaiiTu Takue napameTpsl W MOZENN,
KOTOpble Bbl LOCTABNSAAN MUHUMYM (PYHKUMMU OLINOKM

" = i D, f). 1
w* = arg min S(w|D, f) (1)

PyHKums owmnbkn, onpeaeneHHas NoCpeacTBOM NorapndMnyeckoi
yHKuMM npaegonoaobus

S(w) =— In(p(D]w7 f))7

obecneymeaeT MakCUMU3aLUMIO NMPaBAONOLOOUS NapamMeTpos.
MapameTpsbl, HaligeHHbIE MUHUMU3aLMER 3TON DYHKLUNM OWNBOK,
ByayT Ha3bIBaTLCS Hanbosiee NpaBLONOACOHBIMM.
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[MprvMepbl PyHKLMMU OWNDOKY B perpeccut U Kaaccudukaymm

Perpeccus

MvnoTesa nopoxaenus fanubix: y ~ N (f,1).
DyHKuMs owmnbkn:

S(w) = [ly — fII3.

Knaccudukauyus

lvnoTesa nopoxgennsi fanubix: y ~ B(f,1 — f).
PyHKUMS OLNBKN:

Sw) = yilnf(w'x); + (1 - y)In(1 - f(w'x);).

i€eZ
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3asava Bbibopa onTuManbHOro Habopa NpusHakos

» 3apaHa Bbibopka D = {(x;,y;)}, i € Z.

» 3agaHo ciyyvaiiHoe pa3bueHne MHOXECTBO WHAEKCOB
anemeHTOB BbIbopku Z = L LIC.

> MHOXeCTBO HE3aBUCUMBIX MEPEMEHHBIX X = [X1,...,Xj, ..., Xn]
npouHgekcmposaro j € J = {1,..., n}.

> 3afaHo MHOXeECTBO MoAeseii-npeteHaeHToB § = {f(w,x)}.

» Mogenb — napameTpuyeckoe ceMeircTeo
dbyrkumii f(w,x) = u(w'x), rae g — dbyHkuns ceasn (s
cnydae perpeccum i = id, B ciydae knaccudpmkauum
i = Trapowr)

» CrpykTypa mopenu f4 3apgaHa MHoxecTBoM uHgekcos A C T
1 O3HAYaET BKJKOYEHNE NnepeMeHHbIX X 4. VHauve,
NCMOJIb3YIOTCS TOJIbKO MPU3HAKM-CTONbLbI MaTpubl X
C MHAEKCaMM U3 MHoxecTga A.

» 3agaHa dyHKuus owmnbku S.
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CpeaHee 3HaveHne 1 CTaHAAPTHOE OTKJIOHEHWE OLINDOKY
3apaHa Bbibopka © = {x;, y;}. Ee anemeHTbl nponHaekcnpoBatbi:
ieZ=A{1,...,m}.

PasobbeM BbIbOpKY paBHOMEPHO C/ly4aliHO, Ha 4BE PaBHOMOLLHbIE
noaebIbopkm, obydeHmne u KoHTponb, K pas:

I—>/Jk|_|Ck, ke{l,...,K}.

3agana mogens f(w,w) u dyHkumst ownbkn S(w|D). MapameTpei
MOAEN ONTUMN3NPOBaHbI Ha 0byueHnn D, Kak

w = argmin S(w|f, D ).

Onsa kaxpgoro ns K pasbuennii Boluncasiem ownbky Ha obydeHun u
Ha KoHTposne. [Monyyaem aBa Habopa ownbok:

{Sk(wk‘ﬁgﬁk)}, {Sk(\;\\lk’f,@c;()}, k € {1,...,K}.
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3asava Bbibopa onTuManbHOro Habopa NpusHakos

TpebyeTca HaliTn Takoe nogMHoxecTBo nHaekcos A C 7, koTopoe
Bbl [OCTABASNO MUHUMYM PYHKLMM

* = in S(fqlw*, D
A arg;‘nglil7 (f4)w*, De)

Ha pa3bueHun Bbibopku D, onpeaeneHHOM MHOXECTBOM
nugekcos C.

MNpun 3TomM napameTpbl W* MoAenu JOMXKHbI JOCTABAATb MUHUMYM
dyHKUMN

w’ = arg min S(w|Dg, f4)

Ha pa3bneHun BLIOOPKU, ONpeaeseHHOM MHOXeCTBOM L.
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3aBUCMMOCTb CPeIHErO 3HAYeHUst OWNbKM OT obbema
BbIbOpKY

[ns aByx Habopos oWMOOK BLIYUCINM CPeAHee 3HaYeHune
MonpaBJ/IEeHHOE CTaHAAPTHOE OTKJ/IOHEHNE!

MoeTopuM npoueaypy Ha orpaHuyYeHHOM obbeme BbIGOPKY,
Hanpumep:
m=1,M,

roe M — Hanbonblumnii 0bbem JOCTYNHON BLIGOPKW.
MocTponm rpadpmk 3aBUCUMOCTM OLIMOKM 1 CTaHAAPTHOrO

OTKJ/IOHEHUs1 OT 0bbema BbIbOpKU.
Jomawnee 3apanue 3 HaxoauTcs no agpecy http://bit.ly/16UIIQH



HeKTOpr 3a4a4” MallUMHHOTO O6yquMﬂ

» 3ajava OUeHKM NapameTpoB MOAEH,

> 3ajaya Bbibopa NpU3HaAKOB UAN 0OBEKTOB BbIOOPKM,

> 3aja4a BbLIbOPa MOAENN ONTUMASIBHON CAOXHOCTH,

> 3aJa4a NOCTPOEHUs1 1 BbIbOpa CTPYKTYpbl Mogenu,

> 33/1a4a NPOBEPKN FMNOTE3bl NOPOXKAEHUS JaHHbIX.
Mpegnonaraetcs, 4to dyHkunst ownbkn S(w|D, f) 3agana ncxogs
n3

> rUNOTE3bl NOPOXKAEHUS AAHHBIX,

> nubo U3 NpakTUYECKUX COObpakeHuii.
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Configurations of feature space

y

X3 X2
X4

Non-adequate correlated

Adequate redundant

Xa

X3 X1

Adequate random
X3

Adequate correlated


Victor


Bbibop ycToitunBoit 1 To4Hol mMoaenn

Bbibopka copepxuT MynbTUKOPPennpytoLime X, Xo 1
yCTO4UBbIE X5, X MPU3HAKN — CTOAOLbI MaTpuLbl
«obbekT-npusHaky X. Tpebyercs BbibpaTh ABa NpusHaka U3
LecTn.

TOYHOCTb N YCTOMYUBOCTL NPU 3a4aHHOW CNOXHOCTY

Pewenue: x3, X4 — Habop opTOroHasbHbIX NPU3HAKOB C
HAUMEHBLUNM 3Ha4YeHneM PyHKLUN ownbKn.
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Minimize number of similar and maximize

number of relevant features
The model is defined by a vertex point in the n-dimensional cube.

Introduce a feature selection method QP(Sim, Rel) to solve the
optimization problem

. T T
a* =argmina Qa—b a,
acB”

Number of correlated features Sim — min, number of correlated to the
target Rel — max, where matrix Q € R™" of pairwise similarities of
features x; and x; is

Q= [qij] = Sim(x;, Xj) = ‘Corr(Xia Xj)l

and vector b € R" of feature relevancies to the target is
b = [bi] = Rel(x;),
elements b; = ||Corr(x;, y)ll-

Katrutsa, Strijov. 2017. Comprehensive study of feature selection methods to solve
multicollinearity problem // Expert Systems with Applications
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Model parameters with regularization

Ridge regression
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Discrete genetic algorithm for feature selection (simple ver.)

@ There are set of binary vectors {a1,...,ap}, a € {0,1}";
® get two vectors ap,aq, p,q € {1,...,P};
© chose random number v € {1,...,n—1};

O split both vectors and change their parts:
!/
lap.1,---»83pus@gutl,---saqn] — ap,

(g1, s g 3pyt1s-- -, apn] — @'g;
@ choose random numbers n1,...,1m¢ € {1,...,n};
@ invert positions 71, . ..,7nq of the vectors a’,,a’y;
@ repeat items 2-6 P/2 times;

@ evaluate the obtained models.

Repeat R times; here P, @, R are the parameters of the algorithm
and n is the number of the corresponding model features.
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Evaluation criteria for the NIR spectra data set

Method G RSS In 32 SVD VIF BIC

QP (r=1079) —110 1.37-10° " —25.7 6.43 - 10° 548.38
Genetic —110.88 | 7.68-103° —24 8.13-10° 534.19
LARS 3.22-10t | 2.07-107° —28.3 7.94 107 529.47
Lasso 2.5-10% 1.61 —27.72 1.03-102 | 1712.92
ElasticNet 2.51-10% 1.61 —27.72 1.03-10% | 1712.92
Stepwise 3.66 - 10%° 23.56 —36.78 1.94-10% | 1919.23
Ridge 1.59 - 107 1.02 —36.22 | 1.07-10% | 1.79-10°

Dependence of residual norm on the number
of selected features QP(Sim, Rel).

Error, [ly — X 4w}

50100 150 200 20 30 30 400
Number of selected features, |.A*|

Katrutsa A.M., Strijov V.V. Stresstest procedure for feature selection algorithms //

Chemometrics and Intelligent Laboratory Systems, 2015, 142 : 172-183.
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Linear model, neural net, and autoencoder

€= X

f= akowZak_l oW, 10 o0---oWho;0W; x €9

1x1 nox1 n1><n’7><1
A g
Vv
E= X lxi—r(x)l3
X €D
N -
v
2
Ep= X (}’i*f(xi))
(xj,y;)€D

S=MEp+ MEx+ \3Ey=ATs

E. is some regularisation error, for
principal component analysis: WTW = I,,,
skip block: W =1,, 0 = id,

classification: o € {logistic, softmax, ReLu, ... }.
.. including LM, LR, PCA, AE, SAE, 2NN, DLL, CNN, etc.
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Probabilistic model selection
Bayesian inference delivers the error function S(w)

Pogteror % %eé/ww/ Prier
p(D|w, B, f)P/(W|Av f)
p p(D|A,B,f)

L[/Zc/e/vc@
(bo scloct a mod@/)

p(w|®,A,B,f) =

Write the error function given hyperparameters A, B

S(w) = 5y~ (TBly — )+ 5 (w — ¥)TA(w — ),

approximation error regularisation error

1
S=Ep+E,=ATs, metaparameters \ = 5


Victor


Empirical distribution of model parameters

The value of error function S(w|D, f) depends on parameters.

y
¢

Parameters w, variance o2, and p(w|®, a) is the
evidence

x-axis and y-axis: parameters w, z-axis: exp(—S(w))

Kuznetsov, Tokmakova, Strijov. 2016. Analytic methods of structure parameter //
Informatica



How to check the i.i.d hypothesis

T-test) Ec = 0, De = const, as well as the spectrum analysis
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[MpaBaononobne mogenei ¢ N3bLITOYHBIM YNCAOM
napameTpoB He N3MEHSIETCS 3HaYMMO MPU UX yAaneHun
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MpoueHT yaaneHHbIX NapaMeTpoB Aucnepcus wyma
M36biTouHocTb Na paMeTpoB MoaeNn YcToiyneocTb Mogenn

[nybokoe obydeHne npegnonaraeT onTUMU3auuo Mogeneli ¢
3aBelOMO U3DbITOYHON CIIOXHOCTBIO.

Bakhteev, Strijov. 2019. Comprehensive analysis of gradient-based

hyperparameter optimization algorithms // Annals of Operations Research
10/27



[lBov4HOe nNpefcTaBieHne CTPYKTYPbl MOAENN

Mogenb f BbIBUpPaETCA U3 MHOXXECTBa MOAENEeli-NPETEHAEHTOB §
nyTemM onNTUMM3aL M ABOUYHOrO BekTopa a € B,

y=f(w,x) =aiwixy + -+ + anWnxs
ANs nuneiiHolt mogenn f(w,x) = x'w

N 0N HEMPOHHOI ceTm

_ exp(h(x))
>k exp(hi(x))’

nyTeM 3aHYN€EHNA COOBTECTBYHIOLWErO NapaMeTpa

f(w, x) h(x) = Wytanh(W;x), w = vec(W;:W,)

wj =0
nan cornaCcHoO MeTony OnNnTMMaJZIbHOro Npope>XxmBaHmMA
eJ-TAw +w; =0

rae j-ii anemeHT BeKTOpa € paBeH 1, npoyme pasHbl 0.

Mopgenb 3apaHa BepLUMHOW OABOUYHOrO N-MepHOro Kyoa.
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[Npouenypa onTuMnsaLmm napaMeTpoB

PesynbTaThl paboThl anroputma Bbibopa pacnucaHus
ontumusauuu. Cnesa — 3aBUCUMOCTb OLWINBKK HeApoceTn Ha
TECTOBOVi BbIOOPKE OT UCMOJIb3YEMOro METOAA 3a4aHUs BECOB
perynsipusauyuu n konm4dectea cnoes. Cnpasa — owwnbka Ha
BaNMLaLMOHHOV BbIDOpKE BO BpeMsi 0bydeHus.

e  Dbasic ° —— basic
0.016 e sequential 0.0225 —— sequential
cumulative —— cumulative
static 0.0200 static
50.014 o 2
o Q =
5 = 0.0175
]
0.012 o ° 0.0150
°
s °
° ° () M 0.0125
0.010 :
’ 2 4 6 0 50 100
Lavers [teration

Vicnonb3oBaHue perynspusauuu npuBoanT K bosee bbicTpoii
CXOQUMOCTY U MeHbLUell owmnbke.
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[Mpoueaypa onTUMM3aLmm CTPYKTYpbl
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[NocnenoBaTenbHbIi BoIOOP Mogeneii:
TOYHOCTb, CJIOXKHOCTb, YCTOWYNBOCTb
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ToYHOCTb MK YCTOMYNBOCTb
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MHOroakcTpemManbHOCTb PYHKLUM OWNOKN
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|\/|HOFO3KCTpeMaJ'II:HOCTI:v CXOAMMOCTb N MYNbTUCTAPT
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CToxacTuyeckunii rpafMeHT n KoBapuauusi napameTpoB



CToxacTuyeckunii rpafMeHT n KoBapuauusi napameTpoB

wﬁ* >,
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CToxacTuyeckunii rpafMeHT n KoBapuauusi napameTpoB



CToxacTuyeckunii rpafMeHT n KoBapuauusi napameTpoB




Ownbka (nepeobyuertoii!) mogenu
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— Owwnbka 1 eé gnucnepcusi Npu NOMOJSHEHNN BbIDOPKU
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,£|||/|cnepcv|s| oLNbKM npn NOBbIWEHNN CNOXHOCTN MOAENN

0.2 1
0.0 A
—0.2

—0.4 1 N

—0.6 1

Negative log-loss

—0.8 1

—1.0 A
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— Ownbka npu pasznnyHbix obbemax BbibopkM

odel quality

M
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— ducnepcusi owmbky npu pasnnyHbix obbemax Boibopku
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Negative v,
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N3meneHne SMNNPUNHECKOTO pacCnpedeneHnAa napaMeTpon

p,w)
1 - = =pyW) 4

-2

_1‘ 6 1 2 3 4
Probability density functio

Obbem Bbibopkn m* n3 pacnpegenenusi P goctaTodeH, ecin
BbIbopkn X1, Xo pasmepa m > m™* u3s P cxoXu cornacHo pyHkumm
cxogctea D( Py, Pp) Mexay sMnupnyecknmu pacnpegeneHusimm,

NONYHE€HHbIMN Ha 3TUX BbI60pKaX.

5
n
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[MpaBaonosobHble Moaenn Npu pasHbix obbemax BbIOOPKM
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Obbem BbIOOPKK, CMPOrHO3MPOBAHHOW Ha paHHEM 3Tane
cbopa faHHbIX

140/ —— apvc
—— lagrange
—— likelihood_ratio

1001 acc /

80
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m*
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Nmes Bbibopky obbema m TpebyeTcsi CnporHo3npoBaTh
ONTUMasbHbI 0bbem m*.
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