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Analyst creates a model for expert to put it to operation
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The autoregressive design matrix and the model
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In terms of regression: y = f(X,w) = Xw, Jn41 =



Model generation

Introduce a set of the primitive functions & = {g1,...,g},
for example g1 = 1, g2 = /X, g3 = x, g4 = x /X, etc.

The generated set of features X =
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Kolmogorov-Gabor polynomial as a variant for model generation

—Wo—i—ZW,x,—i—ZZWUX,XJ—i— +Z ZW, 2Xi . Xz,

i=1 j=1
where the coefficients

W = (Wo, Wi, Wij, ...y Wi...z)iJ,...,z:l,...,n-



Examples of nonparametric transformation functions

Formula | Output dimension
VX 1
%

X

» Univariate

arctan x

In x

el

xInx

Plus X1 + Xo

Minus X1 — X2
Product | x1 - x»
Division S

X2
X14/X2

x1 In xo

» Bivariate




Nonparametric aggregation: sample statistics

Nonparametric transformations include basic data statistics:

» Sum or average value of each row x;, i=1,..., m:
n n
, 1
(l),-:E x,-j,or(b,-:;g Xij .
=1 =1

» Min and max values: ¢; = min; x;j, ¢ = max; x;;.
» Standard deviation:

1
n—1

;=

Z(X;j — mean(x;))?.
=1
» Data quantiles: ¢; = [X1, ..., Xk], where

n
Z[Xk_l <Xij§Xk]:%7 forkzl,...,K.
j=1



Nonparametric transformations: Haar's transform

Applying Haar's transform produces multiscale representations of the
same data.

Assume that n = 2K and init ¢(® = ¢/ — «. forj=1,..., n.
isi isi u

To obtain coarse-graining and fine-graining of the input feature vector
x;, for k=1,..., K repeat:

» data averaging step

(k—1) (k1)
W) _ Pigat iy .0
d)i’j_ 2 9 J_ ""’2/(’
» and data differencing step
1(k—1) 1(k—1)
(k) ¢i,2j - ¢i,2j71 1 n
¢Ix/ - 2 ) ./ - AR 2k *

The resulting multiscale feature vectors are ¢; = [¢El), BN q’JSK)] and ¢I{ = [qbl{(l) ,,,,, d:a{(K)].
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Examples of parametric transformation functions

Function Formula Output | Num.| Num.

name dim. of of
args | pars

Add constant X+ w 1 1 1

Quadratic Wox? 4+ wix + wo 1 1 3

Cubic w3x3 + wox® 4+ wix + wo 1 1 4

Logarithmic 1/(wo + exp(—wix)) 1 1 2

sigmoid

Exponent exp X 1 1

Normal Wnl/% exp <%> 1 1

Multiply by X W 1 1

constant

Monomial wy x"2 1 1 2

Weibull-2 wiwox"2 L exp —wq x*2 1 1 2

Weibull-3 wiwox"2 Lexp —wi(x — w3)"2 | 1 1 3




lll-conditioned matrix, or curse of dimensionality

Assume we have hourly data on price/consumption for three years.

Then the matrix X* is
(m—+1)x(n+1)

156 x 168, in details: 52w - 3y x 24h - 7d;

» for 6 time series the matrix X is 156 x 1008,
» for 4 primitive functions it is 156 x 4032,

m << n.

The autoregressive matrix could be considered as ill-conditioned
and multi-correlated. The model selection procedure is required.



How many parameters must be used to forecast?

The color shows the value of a parameter for each hour.
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Estimate parameters w(7) = (XTX)1XTy, then calculate the
sample s(7) = w'(7)xp11 for each 7 of the next (m + 1-th) period.



HPOM3BOILHLI BeKTOP XV, OPTOrOHAIbHbBI BEKTOPY PEIPECCHOHHBIX OCTATKOB XW — y:
(Xv)"(Xw —y) = v (X"Xw - X"y) = 0.

Tak Kak 9T0 PABEHCTBO JIOJIZKHO OBITH CHPABE/JINBO JIIsl IPOU3BOJILHOIO BeKTopa v, 10 XTXw —
X"y = 0, cm. puc. 'é Ecmn cronbupt Marpumnpst X JmHeiHO He3aBHCHMBI, TO MaTpuia X' X

06[)8,1‘")\[& " ypaBHEeHHE NMeeT eJIMHCTBeHHOe pelleHne OTHOCUTEIbHO ITapaMeTpoB

w=(X"X)'X"y. (38)

Puc. 6. HpOCKIIMﬂ BEKTOpa 3aBUCUMOIt II(‘,]’)(‘,I\ACIlIlOﬂ Ha IIPOCTPaHCTBO CTOJIGIIOB MaTpHUILbL IJIaHa.

HI)OCKIU/IFK BEKTOpa y Ha IIPOCTPaHCTBO (ITOJI()IIOB MaTpHUIbL X umeer BUJT

p=Xw=X(X"X) X"y = Py.









Multicollinear features to forecast: possible configurations

y Y

Adequate and redundant Adequate and correlated

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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Selection of a stable set of features of restricted size

The sample contains multicollinear xy, X, and noisy xs, X features,
columns of the design matrix X. We want to select two features from six.

Stability and accuracy for a fixed complexity
The solution: x3, X4is an orthogonal set of features minimizing the
error function.

Add-del, Exhaustive, Genetic, FOS, LARS, Stepwise, Stagewise, Ridge; Lasso, QPFS
8/40
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Add-del, Exhaustive, Genetic, FOS, LARS, Stepwise, Stagewise, Ridge, Lasso, QPFS


Model selection

Exhaustive search algorithm

The basic linear model includes all independent variables

Y+ wo +oywixs +@woxo + ... +@RwWpxp.
attuetu T o

The hyperparameterawc {0,1} is included for the model. The

exhaustive search
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Denote by vectord.the indicator function.

S (wiDg): Ly~ Fylz =2 5"


Strijov
Denote by vector a the indicator function.


















































































































































Model selection

Add (append a feature)

Step 0.

The active set Ap =0, and W is the set if feature indices, P = .|J/|
Stepk=1,...,A

Select the next best feature index

j=arg min  min ||(X4, %)W — 2
j=arg min  min [(Xa:x)w = yllz

then
Agr1 = AU













Model selection

Assume the following

The column vectors

f‘:{x{uel,...,z} and y={yliel,... 0.
The model
y:wyz"—i—...—i—w,?/xn'—l—e,
in the other words,
y=Xw+e.

Assume for all j E{M
[¥1l = o, VJHz =1 and [ly[l=0, [y[2=1.

For all j, k Eﬂ. J # k the vectors’{jj&k are linear independent.
Then the vector of correlation coéfficients

%:XTy.

















































Model selection

Fast orthogonal search

Step 0.
The residuals €9 = 0, the active set Ag = 0.

Step k=1,...,P.

A= Ag_1 U],

where j — feature, which has maximum correlation with :

(w,t/)
=arg max )
e ¥l

Ek = XAWA — Ek—_1-

o

and













Model selection

Least angle regression, LARS

Denote p = Xw.

Step 0.
o = 0, residual vector g9 =y — pg.

Step 1.

Let y has greater correlation with x! than with x?. Then the new
value of p; = po+ wy 1 where wy is chosen sb, that the vector
y2 — o — is a bisector for the vectoryl,}z.

Step 2.
For the unit bisector us calculate ws:

My = pq + woup =yy for R=2.

























Selection of a stable set of features of restricted size

The sample contains multicollinear xy, X, and noisy xs, X features,
columns of the design matrix X. We want to select two features from six.

Stability and accuracy for a fixed complexity
The solution: x3, X4is an orthogonal set of features minimizing the
error function.
Add-del, Exhaustive, Genetids FOS, LARS, Stepwise, Stagewise, Ridge, Lasso, @
— Al el
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Add-del, Exhaustive, Genetic, FOS, LARS, Stepwise, Stagewise, Ridge, Lasso, QPFS


















Model parameter values with regularization

Vector-function f = f(w, X) = [f(w,x1),...,f(w,xy,)]" € Y™.
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Minimize number of similar and maximize number of

relevant features

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

a* = argmin aTQa — bTa,
acB”
where matrix Q € R™*" of pairwise similarities of features x; and
XJ iS
Cov(xs Xj)
\/ Var(xi) Var(x;)
and vector b € R" of feature relevances to the target is
b = [bj] = Rel(x;),

where elements b; equal absolute values of the sample correlation
coefficient between feature x; and the target vector y.

Number of correlated features Sim — min, number of correlated to the
target Rel — max.

Q = [g;] = Sim(x;, x;) =

11/40



Evaluation criteria for the NIR spectra data set

Method Co RSS In 3= SVD VIF BIC
QP (r =1079) —110 1.37-10° —25.7 6.43 - 10° 543.38
Genetic —110.88 | 7.68-10° —24 8.13-10° 534.19
LARS 3.22.10°T | 2.07-107" —28.3 7.94.10" | 529.47
Lasso 2.5-10% 1.61 —27.72 | 1.03-10°" | 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 1.59-10%® 1.02 —36.22 | 1.07-107 | 1.79-10°
i Dependence of residual norm on the
= number of selected features QP(Sim,
50 Rel).

W W0 To ow B0 30 _®0
Number of selected features, |.A°|

Katrutsa A.M., Strijov V.V. Comprehensive study of feature selection
methods to solve multicollinearity problem according to evaluation criteria //

Expert Systems with Applications, 2017, 76 : 1-11.
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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.

Vadim Strijov Model Generation and Selection 25 /37



Discrete genetic algorithm for grouping

@ There are set of binary vectors {a1,...,ap}, a € {1,..., k}";
® 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,- -+ 8pus@gutl,---s3qn] — @ p,

’.
lag,1,- -+ 3q,us 3put1,---s3pn] = Ag;
@ choose random numbers 71,...,n¢ € {1,...,n};

O replace values in positions 71, ..., nq of the vectors a’y,,a’ for
random values from {1,..., k};

@ repeat items 2-6 P/2 times;
@ evaluate the obtained models.
Repeat R times; here P, @, R are the parameters of the algorithm

and k is desired number of categories.

Vadim Strijov Model Generation and Selection 26 /37



Change of likelihood at the arbitrary modification
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Mpoueaypa mogudunkayunm Kak NyTb B K

Howmep mapamerpa

50 100 150 200 250 300
Homep ureparnuu nporeaypbl MoauduKaum

e KaxAblii cTonbew oNUCLIBaET CTPYKTYPY MOLEAN HA AAHHOIA
nTepauuu;

e benas kneTka — napameTp HeaKTUBEH;

® yepHas KJeTKa — napameTp aKTUBEH.

M. C. Monosa Beibop onTumansHoii cetu 16 /17
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MocneposaTtensHoe npopex-tue | 50 | 870 | 1.2-10°
YcToliunBoe npopex-Hue 50 | 866 | 6-10%

M. C. Monoea

Bbibop onTumansHoi cetun

15 /17



