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Theoretical minimum 6

1. Discriminant functions. Write out discriminant functions
for multiclass linear classifier and K-NN. 6

2. Describe model evaluation with train/test sets, cross
validation and leave-one-out techniques. Overfitting and
underfitting. 7

3. What is one-hot encoding? Give feature normalization
methods. Why all these feature transformations are important? 9

4. Give definition (of) discriminant functions. Discriminant
function for K-NN, linear models and decision tree? 10

5. L1 and L2 regularizations. Reasons to use them. 10
6. What is multicollinearity? What is a dummy variable trap? 12

7. Give definition of gradient descent and stochastic gradient
descent. Motivation for stochastic gradient. 14

8. Definition of confusion matrix in binary classification.
How to calculate precision and recall? What is an F-measure? 18

9. Definition of ROC curve and AUC. Motivation for them. 20
10. How can you measure model quality for regression task?
Write down the definition of RMSE, MAE, MAPE, RMSLE. 21
11. Give intuition behind SVM. Write an optimization problem
for linearly separable SVM. 23
12. Kernel trick. How does it work for K-NN and for SVM? 25
13. Multiclass classification with binary classifiers:
one-vs-all and one-vs-one schemes. 27
14. What is feature selection? Why is it useful? Describe
types of feature selection procedures. 29
15. Bias-Variance decomposition of error. 30
16. Describe PCA algorithm learning process. 32
17. Difference between lemmatization and stemming. 35
18. Bag of words and TF-IDF representation of texts. 35
19. Definition of neuron in feedforward neural networks. 36
20. Describe backpropagation algorithm for NN. 37

21. Structure of conv-NN. Conv filters and their settings. 37
22. How to measure quality of clustering with rand index? 40

23. Describe K-means algorithm. 41
24. Describe agglomerative clustering algorithm. 42
25. What is ensemble learning? Bagging 42
26. What is ensemble learning? Random Forest 43



27. What is ensemble learning? Gradient Boosting 44

28. Idea of Collaborative Filtering 46

Short questions 48

1. Dimensionality reduction, feature selection and NLP 48
1.1. Definition of correlation and mutual information.

Intuition behind them 48

1.2. Recurrent feature elimination 49

. How is decision tree feature importance calculated? 49
. Definition of PCA. How to perform transformations? 49
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. Definition of SVD. Its connection to PCA 49
. What is TF-IDF? Its movitation? 50
. Connection between LSA and PCA 50
2. Neural Networks 51
2.1. Definition of multi-layer feedforward neural network.
Possible activation functions 51
2.2. Idea behind the backpropagation algorithm 53
2.3. Why is conv-NN more preferable to simple NN for image
analysis? 53
3. Ensemble methods 53
3.1. What is bagging? 53
3.2. Describe Random Forest algorithm. 54
3.3. Describe boosting. How does it differ from
bagging/random forest? 54
3.4. What is blending and stacking? 54
4. Clustering 54
4.1. Agglomerative clustering. Possible distance between
clusters. 54
4.2. K-Means. Possible initializations of centroids. 55
4.3. K-Means. Ways to estimate number of clusters. 55
4.4. DBSCAN. Pitfalls of the method. 57
4.5. Cluster quality and validity measures. 59
5. Recommender systems 59
5.1. RecSys idea and challenges. 59
5.2. Baseline predictions. Motivation. 61
5.3. User-based collaborative filtering. 61
5.4. Item-based collaborative filtering. 62
5.5. Ways to calculate similarity measures for
collaborative filtering. 63



5.6. Use of SVD in RecSys domain. 64

5.7. Idea behind latent variable approach. 65
Detailed questions 67
1. Dimensionality reduction, feature selection and NLP 67
1.1. Feature selection. Wrapper and embedded feature
selection methods. Recurrent feature elimination. 67
1.2. Principal Component Analysis. Its connection to SVD.
How to select the number of components. 68
1.3. NLP. Main text processing steps. Bag of words, TF-IDF,
Latent Semantic Indexing. 68
2. Ensemble methods 69
2.1. Ensemble learning. Use cases. Standard integration
schemes. Blending and Stacking. 69
2.2. Ensemble learning. Use cases. Sampling schemes and
random forests. 69
2.3. Ensemble learning. Additive models and adaboost
algorithm. Formulae derivations. 69
2.4. Ensemble learning. Gradient boosting algorithm.
Modification for trees. Partial dependency plot. 72
3. Neural networks 73
3.1. Definition of feed-forward NN. Structure. Activation
functions. Pitfalls of NN learning, ways to solve them. 73
3.2. Learning of neural networks. Backpropagation
algorithm. Regularization techniques. 74
3.3. Definition of convolution (filter). Convolutional NN.
Dropout layers. Key specs and structure. 74
4. Clustering 75
4.1. General idea behind clustering. K-means algorithm. Key
factors. Cluster quality evaluation. 75
4.2. General idea behind clustering. Agglomerative
clustering. Lance-Williams formula. Cluster quality
evaluation. 76
4.3. General idea behind clustering. DBSCAN. Cluster
quality evaluation. 77
5. Recommender systems. 77
5.1. RecSys idea and challenges. User-based collaborative
filtering. Quality evaluation. 77
5.2. RecSys idea and challenges. Item-based collaborative
filtering. Quality evaluation. 78



5.3. RecSys idea and challenges. Latent Factor Model.
Quality evaluation.
5.4. RecSys idea and challenges. SVD based algorithm.
Quality evaluation.

78
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Theoretical minimum

1. Discriminant functions. Write out
discriminant functions for multiclass
linear classifier and K-NN.

Linear Example

« Function class - parametrized set of functions F' = {fg, 6c 9}, from which the true relationship X — ) is approximated.
= Regression: § = f(z|6),
» Classification: § = f(z|f) = argmax, {g.(z|#)}. c=1,2,...C.

o ¢e=1,2,...C" possible classes, g,:(m) - score of class ¢, given x called discriminant function
linear regression y € R:
Examples f(al6) =8 1 bz
linear classification y € {1, 2}
10 a.(x|8) = 62 + 8}z + Bx®, e = 1,2.
f(x8) — arg max g.(z|6)
9
mEg 1 ‘
28 ady 2
8 . .
1 a & l: A:ll a &
) ' s, feeit™
7 x1 ‘h‘ :‘l‘ -
0 \
6 I: L] a
am = a8 a
-1§ .I II::II:III L
5 .| |
2 1 0 1 2
4 =
0 1 2 3 4 5
X

Discriminant decision rules

» Decision rule based on discriminant functions:
= predict w; < gy (z) — ga(x) > p
= predict wy <= g1(x)/ga(x) > p (for g;(z) > 0, gz(z) > 0)



Linear classifier for multiple classes

« Classification among classes 1,2,...C.
» Use C diseriminant functions g.(z) = wlz + ww
» Decision rule:

y(z) = a.rgm?xgc{z)
« Decision boundary between classes y = 2 and y = j is linear:
T
(w{ — 'l.UJ) T+ ('wig e ’wj'g) =0
« Decision regions are convex

2. Describe model evaluation with
train/test sets, cross validation and
leave-one-out techniques. Overfitting
and underfitting.

PaspeneHne Ha train/test: u3BecTHa ueneBas nepemMeHHasi, Ha
train momenb oby4daeTcsi, Ha test - npoBepsieTca. Kak
npoeepseTca: fit Ha train,

y_pred = predict Ha test, npoBepsieM TOYHOCTb, CpaBHMBas
y_pred n y_test (HacToswmMx ueneBbIX NMEepPeMeHHbIX B
test-paTaceTe). EcTb ewe validation set, Tam runepnapameTpsl
TIOHUTb U CMOTpeTb, 4YT06 oBepduTa He 6bINO, nepep test.
O6blyHO penAaT train/test kak 70/30 wnn 80/20.

Cross validation - pgenum Becb paTaceT Ha K kyckoB. Ha (K-1)
KyckoB oby4daeM Mmomefib, Ha nocnegHem - TecTupyem (K-fold).
NMoBTOpsAeM Osia Kaxgoro Kycka, 4Tobbl oH 1 pas mcnonb3oBascs
Kak TecToBbM ceT, a K-1 pas3 - Kak 4acTb TpeHMpoBO4YHOro. Bo
BpeMa KaxAabX M3 K TpeHMpOBOK/TeCTUpOBaAHWN 3aMepseMm
accuracy_score, NOoTOM CMOTpPUM, HanpuMmep, cpefHee y Bcex
9TUX accuracy_score.

Leave-one-out - Bapuauma CV, B kotopon K = N, roe N -
KONMYecTBO HabnwaeHun. To ecTb, Kaxgoe HabnwaeHue B
JaTaceTe OAMH pas3 MUCNONb3YyeTCA KakK TecTOoBbM pgataceT, a



ocTanbHble (N-1) pa3 - Kak 4acTb TPEHUPOBOYHOrO.
CooTBeTcTBEeHHO, 9T0 N-fold CV.

EcTb ewe stratified CV, rge Kycku pensTcs Tak, UYTO B KaxioM
eCcTb ornpepeneHHaa nponopumsi Mo Kjaccam.

Overfitting - korpa nony4duBwascs MOAENb CJIMWKOM CUITbHO
nogorHaHa noa TPEeHUPOBOYHLIM gaTaceT, Hanpumep, M3-3a
MCNoNb30BaHMA MNpPU MNOArOHKE 6O0MbUWOro KonmMyecTBa PasHbiX
NPU3HaKoB, WAW ecnn Mogesib NpUHUMaeT BO BHUMaHMEe noise, a B
peanbHbIX OaHHbIX ero HeT. Mogenb 6yneT OYeHb TOYHO
npenckasbiBaTb LENeBYW MNepeMeHHYWw ANA AaHHbIX B
train-pgaTaceTe, HO owmMbaTbCA B HACTOAIWEM.

Underfitting - korpga nonyuyumBmasicA MofeNb CJIMWKOM MpocTas,
He ynaBnuMBaeT "TpeHAabl' B AaHHbIX, aHToHMM overfitting.
Hanpumep, mofenb BbIBOOUT JIMHEMHYKW 3aBUCUMOCTb, a Ha pgene
OHa HeNuHenHas.

X
Underfitting Just right! averfitting

Ye noyumTaTthb:
e https://towardsdatascience.com/train-test-split-and-cr
oss-validation-in-python-80b61beca4bb



https://towardsdatascience.com/train-test-split-and-cross-validation-in-python-80b61beca4b6
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3. What is one-hot encoding? Give
feature normalization methods. Why all
these feature transformations are
important?

One-hot encoding: korga y Bac ecTb npusHaku, ob6o3Havawwme
KayeCTBEHHble MepeMeHHble, M MX HYXKHO KaK-TO npeobpas3oBaTb,
YyTO6bH MOAenb CKywana. [pocTo NMPUCBOUTbL KaxXAOMYy Ppas3IM4YHOMY
06bekTy npusHaka (Label Encoding) [France, Germany, Spain]
yucno [0, 1, 2] Henb3A - MoAeNb MOXeET nogyMaTb, 4To B8 < 1 <
2 - WcnaHua nydwe OpaHUMM, a OHO HEe [OOSIXHO ObTb Tak.
NMoaToMy Kaxfbih O6BbEKT MpM3HaKa CTaAHOBUTCSH OTAESIbHbIM
NPM3HaKOM Kaxgoro caMmnna B pgataceTe. To ecTb, nosiBAseTcCs
TPU HOBbIX KOJNIOHKM - France, Germany, Spain. [na kaxpown
KOJIOHKM : eCnn y CcaMmnnaa Npu3HaK paBeH Ha3BaHUI KOMOHKMU, TO
cTtaButca 1, MHade 0.

N | Country |Var2|Y N | France Germany Spain |[Var2

1 | France 146 |1 111 0 0 146

2 |Germany [572 |0 [==>|2]|0 1 5] 572 |0
3 |Spain 311 |0 310 0 1 311 |0
4 |France 400 |1 4 (1 0 0 400

Tenepb Mogenb MOXeT chenaTb HOpMasibHble MpennoSIOXeHUs,
npaBga, MPU3HAKOB cTano ropasgo 6onbwe = curse of
dimensionality.

Feature scaling/normalization: nogroHka npusHaKoB Mof
onpefeneHHbin MHTepBan (MacwTtab) Ans ynydweHuss paboThl
MoZenu.



, _ x—min(x)

x - .
NoaroHka nop [0,1]: max(x) — min(x)
Mean normalization: nogroxka nog [-1, 1] co cpefHum O:

. x — mean(z)
-

max(z) — min(z)

Feature standartization (Z-score normalization): nopronka
NpU3HaKoB Moj HopmanbHoe pacnpepenenne N(O, 1): cpepHee
x— X

' mean

cTon6ua npusHaka 6ygeT O, stdev = 1: ¥ B dev:

; X

X ==
EcTb ewe HopmMpoBaHWe BEKTOPOB: =l

Noyemy BaXHO: MOryT ObITb pas3Hble €AWHULb U3MEPEHUS B pas3HbIX
npusHakax pgartaceTa, M M3-3a 9TOro Mofesib MOXeT dakanuTb.
Hanpumep, nocMmoTpum Ha Tabnuyy u3 Bonpoca 2. [llocne
9HKOAMHIra Mbl 3ame4yaem, 4To Var2 He COOTBETCTBYeT MO
MacwTaby ocCTasibHbIM Mpu3Hakam, U MoAeslb MOXeT nogymaTb, 4TO
Var2 BaxHee MX, 4YTO MOXET He ABNATbLCA MNpaBhoOW.

Wnn oaMH M3 NpM3HaAKOB - LEHa 4ero-nnmbo B MeHax, [pyroum -
ueHa 4yero-nubo B ponsapax, nNpu ToMm, 4YTO gonnap - 3To 100
MeH. Ham HyxHO cpenaTb TakK, 4YTOOb M3MEHEHWe N TOoro, MU
Opyroro npmsHaka Ha 1 TpakKToBasioCb HOPMasbHO.

4. Give definition (of) discriminant
functions. Discriminant function for
K-NN, linear models and decision tree?

Cm. Theoretical minimum #1 pna KNN/linear.
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5. L1 and L2 regularizations. Reasons to
use thenm.

Perynapusauua - npouecc po6aBfieHUss OOMOJIHUTENIbHOM
nHoopmaummn/wtpada K PyHKUMM NOTEPb PErPECCUOHHbLIX MOAenen B
uenax npenoTBpaweHna oBepdUTTUHIra.

L r n
3 (- x8) HEE
i1 =1

i=1
L1 (Lasso):
CneBa oT + - cTaHgapTHaa MSE ¢yHKums noTepb, cnpaBa -
regularization term (LT):
Yi - HacToAwaa Y
Xij - HacTosAuwme X
B - koadpuumeHTH perpeccumn
A - napameTp perynapusaumn. Ecnnm OH paBeH Hyn, OCTaéTtcs
opurvHanbHaa ¢yHKUMA noTepb (C MOTeHUWanbHbIM oBepdUTOM),
ecnum cnuukoMm 6onbwon - 6ymeTt underfitting.
Kak pa6oTaeT: Bblwe napameTp = 6onbwe LT = 6onbuwe ¢yHKUUS
notepb = wTpad AN CAUWKOM BbLICOKMX Ko3$duumeHToB (BECOB) =
MeHblle oBepouUT

T P P
D wi—Y =B +AY B2
i-1 =1

j=1
L2 (Ridge):

PasHuya: L1 - sum(abs(Bi)), L2 - sum((Bi)*2)

11



Nouemy L1 Bknw4yaeT B ceba embedded feature selection:
abs(B1) + abs(B2) paéT meHbwMin permoH Ha rpa¢uke, uem
(B1)"2+(B2) "2

oy —
// e .l'l // = i
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P L £
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FIGURE 3.11. Estimation picture for the lasso (left) and ridge regression
{right). Shown are contours of the error and constraint functions. The solid blue
areas are the constraint regions |31| + |F2| < ¢ and F + 32 < 1, respectively,
while the red ellipses are the contours of the least squares error function.

Ye noumTaTb:
e https://towardsdatascience.com/common-loss-functions-i
n-machine-learning-46af0ffc4d23
e https://medium.com/datadriveninvestor/11-12-requlariza
tion-7f1b4fe948f2
e https://towardsdatascience.com/l11-and-12-reqularizatio
n-methods-ce25e7fc831c

6. What is multicollinearity? What is a
dummy variable trap?

12
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MynbTUKONANHEAPHOCTb - Halu4une JSIMHEWHON 3aBUCUMOCTU Mexay
KaKUMU-NTN60 O6DBACHSOWUMN MEPEMEHHbLIMU B PerpecCUOHHON
mogenun. WHbIMM cnoBamMu, MOXHO npeAckasaTb 3HAYeHWe OAHOro us
NPU3HAKOB, 3Has HeKOoTopble Apyrue, MNPUTOM MOXHO npeAckasaTb
TOYHO (MonHas KOJUIMHeapHOCTb), NM60 MpocTo 6yneT OYeHb
cunbHasa koppensaumsa (MynbTUKOJIIMHEApPHOCTD) .

PUKTUBHble NepeMeHHble (dummy variables) - npusHaku,
nonydyaembie B xofe one-hot aHKoAuHra v o6o3Havawwme Hanuuue
WA OTCYTCTBME KaKOro-sM60 KadecTBa Yy [OAHHOr0O camnna
(NpuHMMalT 3HayeHMe O wunu 1). Hanpumep, B npumepe M3 n. 2
dummy variables - 910 France, Germany, Spain.

Pasnunyawt full dummy coding u npocTto dummy coding. Full
dummy - 370 TpaauumoHHbin OHE, korpga cospaétca N HOBbIX
KONIOHOK cornacHo N pas3nuyHbiM KaTeropuam. [lpobnema
full-meTopna B TOM, 4YTO B HEM NpUCYTCTBYeT

MYJIb TUKOMSIMHEAPHOCTb : €CJ/IN Mbl 3HAeM, 4YTO eCTb TpU KaTeropumu
- A, Bn C, npy aTOM CoOMN/ He MpUHAgNexuT HU A, HM B, TO Mbl
rapaHTUpOBaHHO MOXeM CcKasaTb, 4YTO 3TO KaTeropua C, M HaMm He
HYXHa ele ofHa KOJIOHKa, 4YTOo6bl 3TO MOHATbL. Dummy coding
co3paéTt He N, a N-1 KONMOHOK, 4TO6bl MONYYUTb JIMHENHYI
HEe3aBUCUMOCTb 3TUX KOJIOHOK.

Full dummy coding for a categorical variable with three categories

Religion Christian Muslim Atheist .
Mpumep: KonoHka Atheist

it 0

Christian 1 s 0 NWLLHAA, BEPOMCNOBEfaHHE
Muslim 0 1 0 MOMHO NpefcKasaTh NO NepPEbIM
Atheist 0 o 1 ABYM

Dummy coding for a categorical variable with three categories, using Atheist as the reference category

Religion Christian Muslim

Christian 1 0
Iuslim 0 1
Atheist 0 0

Dummy variable trap - 9To kKorga B pesynbTaTe one-hot wnu no
KaKkon-nnmbo [pyron npuymHe nosydyaeTca Takom Habop dummy
variables, 4yTo u3 Heckonbkux DV MOXHO npeackasaTb OOHY M3

13



HUX - noslyyYaeTcsA MYJIbTUKOJIJIMHEAPHOCTbL/N36bITOYHOCTD .
Hanpumep, 6bina KonoHka Gender, B Hen "Male"/"Female".
Nponsesenu one-hot - nonyuymnocb ABe KONOHKWM Male/Female.
OgHako 3a4eM Ham OBe KOJIOHKW, €CNnuM U3 OAHOM MOXHO
npefackasaTtb gpyryw? Ecnm male = 1, To rapaHTupoBaHHO 6ygneT
female = @, M Hao6opoT. ITO MOXET MOMOPTUTb TOYHOCTb
MOLOENN, peleHue - OPOMNHYTb OAHY M3 KOJIOHOK, 4YTOObl 6biNa
NMHenHasa He3aBUCUMOCTb.

7. Give definition of gradient descent
and stochastic gradient descent.
Motivation for stochastic gradient.

FpaAMeHTHbIN CNYCK - MeTod MUHUMM3auMM YHKUMM NOoTepb, TO
€CTb MOJIyYEeHUS HACTOJSIbKO HU3KUX OWMOOK, HACKOJIbKO BO3MOXHO.
Kak pa6oTaeT: y Hac ecTb gaHHble (X1, Y1), (X2, Y2), .
Mpegnonoxmm, 4To Hawa Mogenb y=kx+b (nycTb 6ymeT oguH
npeaukTop, 9TO HEe MPUHUMNMANbHO). Y Hac ecTb ¢YHKUMA MoTepb

1 — | |
1(6) = Ez(hﬁ (x®) - y(u)z
i—1

mopenb y=kx+b.

Bosbmem aBe npousBogHble (Mo k m no b) oT ¢yHKUMM MNoTepb,
npenBapuUTeNbHO BbIYUCIIMB CBOOGOAHbBIE 4YfleHbl MyTeM MoACTaBfieHUsA
BCexX AaHHbiX B ¢yHKumw (k M b Mbl ewe He 3HaeMm, OHMU
OCTaHyTCcH). Y Hac nonyyuTcsa rpagueHT.

, roe hd - 310 N ecTb

14



Sum of squared residuals = (1.4 - (intercept + slope x 0.5))2
+ (1.9 - (intercept + slope x 2.3))2
+ (3.2 - (intercept + slope x 2.9))2

So, just like before, we need to take
the derivative of this function...

Weight
d+t Sum of squared residuals =
TUSLERP -2(1.4 - (intercept + slope x 0.5)
+-2(1.9 - (intercept + slope x 2.3)) We will use this Gradient to
+ -2(3.2 - (intercept + slope x 2.9)) descend to lowest point in the
Loss Function, which, in this
case, is the Sum of the Squared
Residuals...
...thus, this is why this algorithm is
L Sum of Squared residuals = called Gradient Descent!
d slope

-2 x 0.5(1.4 - (intercept + slope x 0.5))
+ -2 x 2.9(3.2 - (intercept + slope x 2.9))2
+ -2 x 2.3(1.9 - (intercept + slope x 2.3))2

Bo3bMéM paHAoMHbie 3HadeHus ana k u b (0 n 1). MoacTtaBum ux
B rpagueHT (0 - B d/d_intercept, 1 - B d/d_slope).

15



d

— Sum of squared residuals =
d intercept

-2(1.4- (0 + 1x0.5) Step Sizeintercept = -1.6 X Learning Rate
+-2(1.9- (0 + 1x2.3)) ‘,*”’,/”
+-2(3.2-(0+1x2.9)|=-1.6

...now we plug the

Slopes into the Step
Size formulas...

d

d slope ST ERsgUerSa RS c= Step Sizesiope = -0.8 x Learning Rate

-2x0.5(1.4 - (0 + 1x0.5))
+-2x2.9(3.2- (0 +1x2.9)2
+-2x2.31.9-(0+1x23)2|=-08

MopcTaBuMM 9TM 3HAYEHUA B MNOACHET wara, KOTOPbIM HaM HYXHO
COBEPWNTb, 4YTO6b YMeHbWUTb ¢yHKUMi noTepb (Learning Rate
(Gamma) - runepnapameTp).

New Intercept = Old Intercept - Step Size

Now we calculate the
New Intercept and New
Slope by plugging in the

Old Intercept and the

Old Slope...

/

New Slope = Old Slope - Step Size

HanomHi, 4TO Hawn HadanbHble 3HaveHust Kk u b - @ n 1. Tenepb
MX HaQO 3aMEHUTb: YMEHbWMTb MX Ha war: k -= -0.008, b -=
-0.016. Tenepb Hawa mogenb y = 1.008*x+0.016.

NMoBTopsiem: a) noacTtaHoBky k m b B npomsBogHbie, 6) NOACYET
wara, B) u3aMeHeHne k M b Ha war, noka waruv He CTaHYyT

16



C/IMWKOM ManeHbkumn (06bYHO 0.001). OuHanbHbie kK U b 1 6ypyT
yacTblo roToBon momenun y=kx+b.

Step 5: Calculate the New Parameters:
New Parameter = Old Parameter - Step Size

ns 6onbwero KonuMyecTBa MNPM3HAKOB MPUAETCA BbLYUCNUTbL OONblie
nponsBogHbix. (d/d_k1, d/d_k2, d/d_k3 ¢ y=k1x+k2x+k3x..).
MNOoCKONbKY 3TO C/AIMWKOM CUNbHasA BblYMCNMTENbHasa Harpyska, [C
6yneT O4YeHb MeANIeHHbIM Ha 60SbWMX BbIGOPKAx C 6OMbWWM KOJI-BOM
NPU3HaKOB .
CToxacTU4YeCKUA rpaguMeHTHbIM CNYCK - TaKOW Xe CMYyCK, TOJbKO
NpoOuU3BOAHbIE CYMTAKTCA He ONs BCEX COMMJIOB B Bbi6OpKe, a
TONbKO AN OQHOM0 C/lyYaMHOro Ha Kaxgow utepauum. T.e.:
e BblGMpaeM comnn;
e 6GepeM C HMM rpagveHT (Kydy MpPOM3BOAHbLIX) OT $YHKUUM
noTepb ;
nogcTtaesnsieM paHgomHoie k1, k2,
CYMTaeM rpaguveHT, noacTaBnsieM B QYyHKUMIO NOACYETa wara
(cm. Step 4 Ha KapTWHKe Bblwe)
npunoaenaem war Kk k1, k2,
BbiOMpaeM Opyron CaMMn, CYMTaeM MNPOU3BOAHYKW C HUM,
noacrtasnsiem yxe Tekywme k1, k2, ... , M Tak Noka He
CTaHeT CJ/IMWKOM MenKuMWA war.

Ye nocmoTpeThb:
e https://www.youtube.com/watch?v=sDv4f4s2SB8
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8. Definition of confusion matrix in
binary classification. How to calculate
precision and recall? What is an
F-measure?

BuHapHasa, pBouyHasa KnaccupuMkauusa - 3ajada paspenieHus
COMMJIOB Ha [Be rpynnl.

MaTpuuya HecooTBeTCTBUSI/HETOYHOCTEN MOKa3biBaeT, KaK Mohesb
KnaccuouumpyeT Te UM MHble 06beKkTbl (MpuMepbl Ans 6GUHApPHOWN
Knaccuomkaumm, XoTs KOJI-BO KJIACCOB HEOrPaHW4YeHO) :

Confusion matrix:

Prediction
+ -
+ | TP (true positives) | FN (false negatives)
- | FP (false positives) | TN (true negatives)

True class

P and N - number of observations of positive and negative class.

P=TP+FN, N=TN+FP

Accuracy: %@ ‘

Error rate: | 1-accuracy=" zi,FvN
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FPR (error rate on negatives): .=

TPR (correct rate on positives): %
S TP
Precision: TPIFP
. TP
Recall: -
: 2
F-measure: —_—

Precision + Recall
1

52 1,1 1
1+ 32 Precision ' 1132 Recall

Weighted F-measure:

Actual class
Predicted: | Predicted: Cat Dog
n=165 NO YES E ) i P 3
Actual: % §
NO 50 10 & Lo
Actual:
YES 5 100

Precision, TOYHOCTb - KOJINYECTBO C3MMJIOB, BEPHO OTMEYEHHbIX
KakK MnpuHapnexawnx onpefeneHHoMy KJjlacCy, B OTHOWEHUUM KO BCEM
caMmnaaM, OTMEYEeHHbIM KaK MpuHagsiexawum ornpepesieHHoOMy Kiaccy.
Precision = (#True Positive)/(#True Positive + #False
Positive).

Recall, nonHoTa - KOMMYECTBO C3MMJIOB, BEPHO OTMEYEHHbIX KaK
npuHagnexawnx onpeneneHHoOMYy Kjlaccy, B OTHOWEHUM KO BCEM
caMniam BbIOOPKM, MpPUHALSIexawnm ornpeneseHHoMy knaccy (BTY
TeM, KOTOpble MoAeslb OWMOGOYHO OTMeTMNa KaK He
npuHagnexawue) .

Recall = (#True Positive)/(#True Positive + #False
Negative).

F-score - trade-off (rapmoHundeckoe cpepgHee) Mexmy MOSIHOTOWM

Fe2 Precision x Recall

Precision + Recall

M TOYHOCTbLIO:
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Y Kakol mogenu Bblwe F-mepa - Ta M Kpydye, B npuHuune. MOXHO
TaKxe, €ecnu xoyeTcs, OTAaTb MPUOPUTET NM6O MOSHOTEe, JM6Oo

Precision x Recall

F=(8+1
( ) B? Precision + Recall

TOYHOCTHU : ,
roe ecnm 6 < B < 1, TO npuopuTeT oTpaeTcA TOYHOCTU, a ecnu
B >1 - To nonHoTe.

9. Definition of ROC curve and AUC.
Motivation for them.

ROC-kpuBas - rpaduk, MnO3BOMAWWMMA OLEHUTb KadyecTBO OGWHapHOM
knaccupukaummn. Y-axis: True Positive Rate - nponopuwus
COMMAOB, BEPHO OTMEYEHHbIX KaK NpuHagnexawmx Knaccy, B
OTHOWEHUM KO BCeM caMmnnam knacca. X-axis: False Positive
Rate - BepoOATHOCTb HenpaBWIIbHO MPUCBOUTbL KJlacC CaMMny.

AUC - nnowanb mexgy ROC m ocbio X (FPR). Bonbwe - nyduwe.
AUC=1 - wnpean, AUC=0.5 - TO xe camoe, 4YTO 6POCUTb MOHETKY.

ROC curve

« ROC curve - is a function TPR(FPR)
« |t shows how the probability of correct classification on positive classes ("recognition rate”) changes with probability of incorrect classification on negative classes ("false alarm”)
* Itis build as a set of points TPR(y), FPR(p).

o If o |, the algorithm predicts wq more often and ) 30 1
| 1 #
= TPR=1 — g1 7 Inst#  Class Score |Inst# Class Score ! I ! [3_, e
09 i o
» FPR=g9 1 1 p 9 1 p 4 \
s 3 i : 08 ST s
» Characterizes classification accuracy for different g 2 P 8 12 n 39 P ;39
- 07 W3- .
more concave ROC curves are better 3 n 7 3 p 38 o o Lo
4 6 14 37 S0 = ]
P n - 2 54 53 52
o _ TP _ TP Z 05 bk
. TPR = W ﬁ 5 p 55 15 n 36 i é“
g 04
« FPR= pp 7y = Neg 6 p 54 6 n 35 L is |
7 n 53 17 p 3 I, T7
8§ n s 18 n .3 e :’* :
9 p 51 9 p 30 ”‘;r;nh’ )
1 1 1 1
10 n 505 20 n 1 ° 01 02 03 04 05 06 07 08 09 1
" False positive rate
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10. How can you measure model quality for
regression task? Write down the
definition of RMSE, MAE, MAPE, RMSLE.

MOXHO o6paTuUTbCA K ¢YyHKUMAM noTepb. Camasa 4yacTo

n
hﬁE=1§}m—ﬁﬁ
ncnonbdyemana - Mean Square Error: L= ,
Yi - HacTosAwasa ueneBaa nepeMmeHHasa, Yi C KpblWKon -
npefckasaHHas.

roe

RMSE - Root Mean Square Error, TO Xe camoe, 4TOo U MSE,
ToNbKo OT MSE 6epeTca KopeHb. MSE/RMSE wumelT MeHbuwyl
TOSIepaHTHOCTb K 60nbWWM OTKJSIOHEHUSAM BClieACTBUE BO3BeAeHMUA
OTKJ/IOHEHMA B KBapgpaT.

MAE - Mean Absolute Error. Kak MSE, Tonbko BMecTO
BO3BelleHMs B KBagpaT - B3ATME MOAOynNs.

MAPE - Mean Absolute Percentage Error.
100% <= | A; — F;
M=——Y |

n A '
t=1 t roe At - HacToswas ueneBas
nepemeHHasa, Ft - npepckasaHHas.

RMSLE - Root Mean Squared Logarithmic Error. Kak RMSE,
TOJSIbKO B KBagpaT 6epeTcs pPasHOCTb HE CaMMX 3HaA4YeHun, a
norapuemel UX CyMm C efuHULLaMU.

N
l < :
RMSLE = | | < Lumm_u_. F1) — log( + 1)) =

= RMSE (log(y; +1),log(y; + 1)) =

VMSE (log(y; + 1), log(gi + 1))

WcnonbayeTcs, 4TO6b wWTpad He 6bl/1 OrPOMHbBIM, €CSM 4Yucna
6onblue.
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MpocTo ¢popmynbi:

RMSE - CpepgHekBagpaTuMiHasi ownbka

RMSE — E;N (Predicted; — Actual;)’
B N

MAE - CpegHunn moayfb OTKJIOHEHMA

Efw abs(Predicted; — Actual;)

MAE = =
N

MAPE - CpeOdHMW MPOUEHT OTKJIOHEHUSA

MAPE =

100% <~ Predicted; — Actual;
Z abs( )

N Actual;

RMSLE - CpepHekBagpaTWU4yHOe norapudmMmyeckoe OTKIJIOHEHUE

B Ziv (log(Predicted; + 1) — log(Actual; + 1))°
RMSLE = \/ N
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11. Give intuition behind SVM. Write an
optimization problem for linearly
separable SVM.

SVM - Support Vector Machines, MeTon OMOPHbLIX BEKTOPOB.
UcnonbsyeTca pana 3apgay knaccudumkaumm mn perpeccun. CyTb - B
BbIBOAE MMMNEpPNIOCKOCTM, pasfenswuwen camnnab No Kaaccam.
(MNepnyioCKOCTb €CTb MJIOCKOCTb pPas3MepHOCTW Ha OAHY efuHuLy
MeHblle, 4YeM MpoCTpaHCTBO, eé copaepxauwee (Ha MJOCKOCTH,
Hanpumep, B OeKapTOBOM CUCTEME KOOpAMHAT, FUNeprnioCcKOCTb
ecTb npamasa nvHMA; B 3D - MNNOCKOCTb).

WX —b=0. _ ypagHenne runepnrockocTH, rpe w - BeKTOp,
b

[lwl| _

nepneHanKyNsapHuIM K runepnaockocTtn, b - bias,
paccTosiHMe OT IMMEeprsioCKOCTM OO0 Hayana KoopauHaT. 3apgadya
SVM - HalTW TaKyw runepnnocKocTb, 4YTo6b paccTosdHue (margin)
OT Hee [0 6/MXanwmMx TO4YeK [ABYX pas3HbiX KNaccoB 6b10
Hanb6onbwmm. CO6CTBEHHO OMOPHbIe BEKTOpa - Te C3AMMJbl, KOTOpble
HaxoasaTcs 6aMKe BCEro K FUMMeprnsioCKOCTU U KOTOpblie perynupykoT
ee MOJIOKEHMEe, HaKJIOH M T.04.

:'u
0 o
0 LN
0,0 ’ YiEE. |
o o il "y 0 k
: ¢ J : lﬂ
J'IIIIII |Ii
Small Margin Large Margin
Support Vectors
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Kak npoucxoamT Knaccupukaums :
w-x—-b=1,

w-X—b=-1 9710 runepnnockoctu, napannenbHsie ONTUMANLHOI
(Ha pUCYHKe MYHKTUpOM). Ecnu noAcTaBuMTb B ypaBHEHUe
rUNepniaocKocTM X W nocyMTaTb ero, pesynbTaTt >1 6ygeT
O03HayaTb, 4YTO COMMA MNPUHAONEXUT OAHOMY Knaccy, a <-1 -

Apyromy .
2

llImpnHa nonochl Mexgy nyHKTUpamu ”W“ , 3apjada -

MUHUMU3UPOBATH [wl|

Support vector machines

Objects x; for i = 1,2, ...n lie at distance b/|w| from discriminant
hyperplane if

{XfTW+ wop > b, yi=+1

>
= - i=1.2..N.
;i wH+w < —b yi=-1

This can be rewritten as
vilx w+wp) = b, i=1.2..N.

The margin is equal to 2b/|w|. Since w, wy and b are defined up
to multiplication constant, we can set b = 1.

Problem statement:

LwTw — min

2 w.,Wp

vilxIw+wp) > 1, i=12,..N.

-3pecb w - aTo b.
WO 310 He b, b =1
Ye nounTtaTthb:
e http://web.mit.edu/6.034/wwwbob/svm-notes-1long-08.pdf
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e https://towardsdatascience.com/support-vector-machine-
introduction-to-machine-learning-algorithms-934a444fca
47

12. Kernel trick. How does it work for
K-NN and for SVM?

Kernel trick - meTopg pa6oTh ¢ nuHenHo HEcenapabenbHbiMK
Knaccamu, TO ecTb Ha npumepe SVM 3To Te Kjacchl, KOTOpble
Henb3A MOJSIHOCTbW pa3fenuTb, npoBena npamykw. CyTb meTopa -
MCNONb30BaHME KEPHENIOB - Anep - A/ MepeHoca C3MMoB B
60s5lee BbHICOKOE M3MepeHune, rge CoCcTaBUTb FUNEPMNSIOCKOCTb YXe
He cocTaBWT Tpyaa.

Data projected to R™2 (nonseparable)

Data in R™3 {separable)
.
L) L]
. .
= ey L
o e . ¢t o
. K 14 " 5
... q. - -
- L] U -
0. - L 12 =5, 3
.5 . ., ; . i‘ . . L
. . '
":v = LI By ot sl . b ¥ “4'- ar 4T
- £ L™ N v, " g 8, o0 . .‘:..:
- - g - + L a * " e B,
2 * iy By L 08 i . .
= 00 . i A e = & L] . . .
" ] & . 06 1
'o! .'" . 1.‘. N, = . & :
. ] skt a e .l . . s
=0.5 L] b & SR
. [ ] p
. - | B 0.2 *,Q . P -
=g * = i ' s L -'- {fn‘
? . e - -t
. 2 vy -1.0 < e ——
¥ . *avet Wt iy 5 50 TE—— ) -0.5 L
T ta 05 Lo 3 0.0
by Lo % Label
_1—51 3 -1.0 -0.5 0.0 0.3 1.0 13
X Label

Kak pa6otaet gna KNN:
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Cuntaem pacCToAHMNE Mexapy cocendmMn 4depes (I)yHKLl,VIIO A0pa.

Available Kernels

gaussian tophat epanechnikov
exponential linear cosine
2h -h 0 h 2h 2h h 0 h 2h 2h -h 0 h

Cyna no nekuumm llectakoBa N2, BOT nwb6ble M3 3TUX QYHKLUN
MoxHo nponuxHyTb B KNeighborsClassifier kak napameTp
weights:
def gauss_kernel (d, h=h):

return np.exp (- (d**2)/(2*h**2))
knn = KNeighborsClassifier (n_neighbors=k,

metric='minkowski', p=2, weights=gauss_kernel)

Kak pa6oTtaet gna SVM:
CkanapHoe MNpoM3BEEHUs 3aMeHsAeM Ha QyHKUMI agpa
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Transformation to linear separable domain

p: X H
« H - higher dimentional space in which classes become linearly separable
« Discrimenant function in H is linear, but its projection on X is not linear

Kernel Trick

» Imagine we try to fit SYM e I
LX) =X — 3 XX My ((6(xi), (=) — max
i i g

it Ssd am

2 Ay =0
i
« No need to explicitly define ¢, only scalar product required!
« Kernel trick!
* K(mi:zj) == (qs(ml)?‘;b{mj’)} - kernel
Discriminant function:
« Without kernel g(z) = w'z +wy, w= 3. Ayz;
A =0
« Withkernel g(z) = Y Nyilzi, @) +wo = Y. AyiK(zi,z) +wp

A =0 @A =0

Kernel example

Polynomial type kernel
K(z,2) = («"2)? = (2121 + 2225)" =

= a:fzz + :zzizf + 2x 212929
= ¢* (2)¢(2)
for p(z) = (z3, 22, /221 2)

Ye nocmoTpeTb:
e https://www.youtube.com/watch?v=vMmG_7JcfIc

13. Multiclass classification with binary
classifiers: one-vs-all and one-vs-one
schemes.

MynbTuknaccoBas Knaccupukauusa - 3ajada Knaccuoumkauum
COMMJIOB MO TPeM M 6ofiee Knaccam, B OT/MYME OT 6GMHapHoW (no
OBYM) . [laHHbIM TUN Knaccudukaumm MOXHO WMMIIEMEHTUPOBATb C
nomowbl 6MHapHbLIX KnaccupmkaTopoB (SVM/logreg/..) mo ABYM
CXemaMm:

e One-vs-all / one-vs-rest
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970 Korga M3 BbLIGOPKM CO MHOMMMWM Knaccamu [ns Kaxnoro
KnaccupmkaTopa KakKoM-TO KOHKPEeTHbIn knacc (one)
OTMeYyaeTCs Kak MpaBuWiibHbIM, a Bce ocTanbHble (all) - kak
HernpaBWJIbHbIE .

One-vs-all (one-vs-rest):

A =z

A X o
AA xB()( /
X

O N

D[]D

A 4

X1
Class1: A <

Class2: 0 <«
Class3: X <

Andrew Ng

To ecTb, OAMH KnaccudukaTop HaTpPeHUMpPOBaH Ha
TPEeyrofibHUKM, OPYron - Ha KpecTuku (TpeTuh B [aHHOM
cnyyae JUWHURA) .
3aTeM cxema Takasq:
S = camnn
Classifier1.predict(S) == Class 1?
lla = 3aKoHYMNU, 3TO TPeyroJibHUK
Het = Classifier2.predict(S) == Class 2?
fla = 3aKoH4Yunu, 3TO KpecTukK
HeT = 3aKoHuunu, 3To KBajgpaT
Mpowe roBops, xoTsa 6b oguMH KnaccudukaTop,
HaTPEHWPOBAHHLIA HA KJlacC C3MMJa, HaM TOYHO CKaxeT,
3TO OH.

4yTo

One-vs-one
Y Hac ecTb MHoxecTBO knaccoB (A, B, C) (B obuwem cnydyae
N). [na kaxgon napbl M3 MHOXECTBA Mbl TPEHMPYeM GUHapHbIN
KnaccupukaTop, MCMofb3yAa TO MOAMHOXECTBO COMIMJIOB,
KOTOpPOE COOEPXUT 3TU KNacChl:

A/B

B/C

C/A



B utore B obuem cnydae nonydaem (N-1)+(N-2)+...+1 =
N*(N-1)/2 knaccudukatopos
3aTeM OnA Kaxporo TEeCTOBOro camnyia Mbel npoberaemcs no
BCEM 3TuUM Knaccudumkatopam. [lonycTuMm, y Hac ecTb CaMnn
n3 knacca B:

Knaccupukatop A/B BboigacT B

Knaccudukatop B/C BbigacT B

KnaccupmkaTtop C/A BbigacT C (OONYyCTUM; OH Xe
LONXeH Befb 4YTO-TO BbAaTb)
CMOTpPUM Ha 3TO rofsiocoBaHue M BUAMM, 4TO 3a B oTpaHo
6onbwe ronocoB. 3HauuT, Knaccupuumpyem Kak B.

14. What is feature selection? Why is it
useful? Describe types of feature
selection procedures.

Feature selection - npouecc Bbi6bopa Hambonee BaXHbIX O
pa6boTbl MOAENM MPU3HAKOB.

MoneseH MOTOMY, 4YTO MOXeT MpepoTBpaTUTb oBepduT (6onbwe ¢puy
- 6onblie MOArOHKAa MOJ HUX - XPEHOBO); YMEHbUWUTb BpPeEMS
TPEHUPOBKU, YBENNYNTb TOYHOCTb M MPOCTOTY MOHMMAHUSA.

Tunei: mMeTOn ¢unbTPOB, MeTon obepThiBaHMA, embedded.
NopopobHee - Detailed questions #1.1.
Mpumepb meTOnOB:
e MaTpuua KOppensiuMm, B YACTHOCTWM - KOppenauuss Mexgy
KaxabiM MPU3HaAKOM M LeneBon nepeMeHHon (univariate
selection). 3To oTHocuTCcA K MeToay QMNbTPOB.
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. Disability Living Allowance
.. Job Seeker's Allowance Claimants

.... Deliberate fires
.-.-. Mother U19 at birth of first child
J ...... Qualifications of working age adults

Disability Living Allowance

Job Seeker's Allowance Claimants .
Deliberate fires ..

Mother U19 at birth of first child -.
Qualifications of working age adults ...
Perc houses near derelict site ...

Low Birthweight .- ]

Antenatal smoking il . .-

Drug Related Hospital Discharge [/ I I I
Dwellings per Hectare

-. ‘ I ... Perc houses near derelict site
10 I Low Birthweight

_
.. .. .. Antenatal smoking

Alcohol Related Hospital Discharge X
DTP/Pol/Hib Immunisation | X X X X X
GenderPayGap | X X X X X | X
Crime ClearupRates X X X X X X X X
Perc of households in fuel poverty
Perc housing good
School Attendance Rate

Breastfeeding ..... . .
Life expectancy at birth females ...- . . .
Life expectancy at birth males ...... .

e feature importances

o
® 2
5 =
2 @
2 B g
(=] I“""é
T 249 g
a3 8 o §
mgIE
o aQ
IIEES
s 2 =
T &8 o
= 2 ¢ T @
= O ¥ = 0
T O - B .
Iggg_cu
g’EoEE
c 2 8 - 0
00 < oo
|
| X X
B X
1 X X
1 X X
X X

X
X
X X
X
X

X X X X X X|X X|X X|X Crime Clear up Rates

Wcnonb3yeTcsa B pewawwux OepeBbAX: MNPU Kax[om
pasfeneHMn CMOTPUM, HACKOJIbKO YMeHbluiacb
aHTponusa/yeenmumunca information gain (npowe rosops,
HACKOJIbKO XOpowo fAaHHas ¢uya genuT BLIGOPKY Ha [aBe).
Yem 60nbwe information gain - Tem 6onbwe importance y
JaHHOM ¢unum. 3TOo oTHocuTcAa K embedded-meTopy.

e L1-perynapmusauusa. Embedded-meTon.

Perc of households in fuel poverty

Perc housing good

School Attendance Rate

..... Breastfeeding
Be .- ... Life expectancy at birth females

. ...-.. Life expectancy at birth males

15. Bias-Variance decomposition of error.
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Bias - cmeweHue. Tun ownbku, Korga Mogefb C/MWKOM MpocTasa u
He MOXeT monMaTb TpeHAd B AaHHbIX. PasHuua Mexpy HacTosuweu
nepeMeHHoOM U npeackKasaHHOW.

High bias, low variance == aHpgep¢uT.

Variance - pgucnepcusa. Tun ownbkKu, Korga Mogesnb CJINWKOM
YyyBCTBUTENIbHA K OTKJIOHEHMAM B BbibOpKe. bonbwas gucnepcus -
KpuBasa Typa-cioga nndweT, 3KCTPEMyMbl JIMHUW faneko oT
LeHTpoBoOM/cpeaHen NUHUM. To ecTb cMeweHuUs (pasHuUbl Mexay
HaACTOAWMMN U MpefCKa3aHHbLIMM OaHHbIMM) MOYTU HeT.

Low bias, high variance == oBepéur.
Low Variance High Variance
L]

u

f-

8

:a,;_ L ]

o

=

TOoYHaA Mmogenb osepdwur
L ]
-,
o5 o »
L]

]

(2]

=

e

o

5]

|

I

aHpepduT nusaey,

Jlekomnosuuma owmnéKm:
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Var [f (z)] = E[f (2)*] — E[f (2)]* Bias [f(z)] =E|[f(2)] — f(z)
Err(a) = (BIf (@) - £(z)) + E [(f (=) - Elf (mnﬂ 53

Err(z) = Bias® + Variance + Irreducible Error

Irreducible Error - HeycTpaHuMas MOrpewHocTb, WyM B
naTtacete. E(x) - maToxuaoaHwue.

16. Describe PCA algorithm learning
process.

PCA, Principal Component Analysis - meTofh rnaBHbIX
KOMMOHEHT .

lonycTuM ecTb Kakume-TO BXOXAEHWS B pJataceT. Mol MOXeMm
nocuynTaTb KOppenauumi Mexay HeKOTOopbiMM duvamum, U 3aMeTUTb
YyTO 3TO MO3BONIAET HaM pa3buTb JaTaceT Ha KracTepbl. Ho yToO
ecnn aTux ¢myenm MHoro? CumTaTb KOpPPEenAauMio Mexay KaxabiMu
napamm ¢uMyenm U CTPOUTb Ky4dy AOBYMEPHbIX rpad¢ukoB nnoxas
3aTed. MOXHO TakXe MOCTPOUTb MHOMOMEpHbIM rpadukK Koppensuuu
dnyen, 4TO TOXE COBCEM He ryjg.

Boixon ectb - PCA

PCA - yMeHbWwaeT pa3MepHOCTb ¢u4yen, OoCTaBNAAa raBHble
KOMMOHEHTbI, KOTOPbLIN arrperupynT B cebe KOpesrsiaumi passinyHbiX
dnyen mexpgy Apyr OpyroMm. 1 KOMMOHEHTa camas BaxHasa, W
nokasbpiBaeT Hambosiee CUNbHOE OTNM4YME Mexay KracTepamun, 2 He
Takasi BaxHaa U T.[4.
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The axes are ranked in order of importance.

(@)
©o . —
O o © Differences along the first principal
T 00 O component axis (PC1)...
PC2 @)
@
1 L 1

S |1 HamHOro 6onee BaXKHble pasnuuns

Ulenb - yMeHbwnTb pa3MepHOCTb C 4 u 6onee ¢uyen no,
Hanpumep, 2X, 4YTO6b MOXHO 6bSI0O JIErKO AeNUTb Ha KiacTepsl,
OCHOBbIBAsICb Ha pPacCTOSHMM MexAy LeHTpaMu KnacTepoB MU
COMIMJIOM.

larwm:
1. CunTaem cpegHuMe 3Ha4YeHUsa Bcex duyen
2. Cmewaem pataceT, 4TOOb cpefHMe 3HadyeHust ¢uyen 6bin O

Gene 2

NOTE: Shifting the data did not
change how the data points are
positioned relative to each
other.

S

Pl 412/2157 o g

X - cpefHue 3HayeHus oduyen
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3. 3aBoauM MnpsiMyw W BpalWlaemM ee TakK, 4YTOObl MPOEKLUUM TOoYeK
M3 JaTaceTa Ha Hee 6blIM MaKCUMasbHO YyjhaneHbl OT LeHTpa
KOOpPAMHAT, WU Xe 4YTOo6bl pacCTOAHME TOYKU MPAMON 6bINIO

MUHUMANbHLIM, 4YTO PaBHOCWUIIbHO MO Teopeme nudaropa bl
i

line

— L
i,
W

p "

it ¥

&".

4. 3Ta npaAMaa v MNpoeKkuuM TOYEeK Ha Hee ABMAWTCA NepBoOu
KOMMOHEHTON, MOXHO MOCMOTPeTb, KakKoe BJIMSHME OKa3biBawT
pasnn4yHbie ¢UYM Ha 3TY KOMMOHEHTY, MOCMOTPEeTb Ha
KO3$PMUMEHTH NpsAMOM. Ha KapTWUHKe BbiWe Ha OfHY eauHuLy
dnun2 npumxoguTca 4eTbipe ¢uunl.

5. lo6aBnsem BTOpPYK MNpsAMYW, MEPNeHANKYNISAPHYI0 NEPBON U
nony4yaem 2 KOMMOHEHTb. B paTaceTe 910 6ypeT BuHrnageTb
KakK 2 KOJIOHKW, B KOTOPOW fiexaT pacCTOSAHUA MNPOEKLUM
TOYEK Ha KOMMOHEHTHl OO0 LeHTpa KoopauHaT

B cnyuyae, korga ¢uuyen 6onblie 4Yem 2, MpocTo Npu Aob6aBneHMM HOBOWM
KOMMOHEHTb HYXHO €e TaK Xe BpauaTb BAOSb Mpefpiaylien npsaMon,
yTO6b MAaKCUMU3MPOBATb PaCCTOAHUA [0 LEHTpa KoopauHaT. [locnegHsas
KOMMOHEHTa Bcerjga sABNAeTCA MNepneHauMKyNapHON Mpenbiayuum U ee He
Hago BpawaTb HUKYyQHa.

MaTemMaTn4eCcKHu:
1. Nwem KOBapuauuMOHHYI0 MaTpULy CMeWeHHbIX duyen
2. Haxogmm co6CTBEHHble BeKTopa
3. OHM ABNAKNTCHA KOMMOHEHTaMMU

Co6CTBEHHbIE BEKTOpPA MOXHO HauMTu ¢ nomouwbio CBJl, a MMEHHO C
NMOMOLWbI0 JIEBON CUHIYNAPHOU MaTpuLbl
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Ye nocmoTpeTb:

https://www.youtube.com/watch?v=HMOI_ 1kzW68 - rnaBHble uaeun 3a 5
MUHYT

https://www.youtube.com/watch?v=FgakZw6K1QQ - nogpobHee 20 MUHYT

17. Difference between lemmatization and
stemming.

NlemmaTu3ayma - npouecc NpuMBeLeHUs C/I0OBa K HOpMaJsibHOM
(cnosapHon) dopme. [InA pycckKoro fA3bika - WUMEHUTENbHbIN Majex,
eNHCTBEHHOe uucno. Kowkamym = Kowka. O06bYHO 3TO MPOCTO
MOMCK MO CcloBapw.

CTeMMUHIr - npouecC HaxoXAeHWs OCHOBb cfioBa. [lnA pycckKoro -
CNnoBo 6e3 OKOH4YaHuMA M dopmoobpasywumx cyddukcoB, C
NCKIIYEeHNUSAMU . ANropuTMbl MOTYT BKJ/lo4aTb B cebA MpPoOCTOM MOMUCK
no Tabnuue, yce4dyeHMe OKOHYaAHWUN/MPUCTaBOK.

18. Bag of words and TF-IDF
representation of texts.

Bag of words - Momenb npeacTaBneHUs TeKCcTa B BuAE OTAENbHbIX
cnoB, 6e3 y4yeTa rpaMmMaTuMKM, HO C YYEeTOM 4ucfia MNOSABNEHUS
JaHHOro cnoBa B TekcTe. [lpumep:

S1: I like birds. I also like cats.

BOW(S1): {"I":2, "like":2, "birds":1, "also":1,
"cats":1}
Yncna - 4yacToTa NOABNIEHUS CNlOBA B TEKCTe.
Tenepb MOXHO uMcnonb3oBaTb BOW(S1) ans npesBpaweHuss TEKCTOB B
BEKTOpa, KOTOpble yXe MOXeT KywaTb Mofeslb. Y Hac ecTb CJioBa
"I", "like", "birds", "also", "cats".
Y Hac ecTb npepnoxeHue: "I have three cats". [na kaxporo
croBa B MNpensioxeHun 6yaem cMoTpeTb, ecTb siv oHOo B BOW. Ecnm
ecTb, cTaBum 1, ecnunm HeT - 0.
"I have three cats" = [1, 08, 0, 1]. Tenepb MOXHO 4Ye-TO
nenatb.
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https://www.youtube.com/watch?v=HMOI_lkzW08
https://www.youtube.com/watch?v=FgakZw6K1QQ

TF-IDF - mepa ouUeHKM BaxHOCTM csioBa B TekcTe. TF = Term
Frequency, 4yacTtoTa cnosa. IDF = Inverse Document Frequency,
obpaTHas 4yacToTa [OOKYMeHTa.

TF = OTHOWEHWe 4yucna BXOXOEHUM C/IOBa B TEKCT K obwemy 4ucny

cnoe B Tekcte. TF("I", "I like cats") = 0.33
IDF = log(obuwee 4mcno TEKCTOB/YMCNO TEKCTOB, B KOTOPbIX
BCcTpedaeTca TepmuH). IDF("I", ["I like cats", "Cats are

good"]) = log(2/1) = log(2) = 0.69
TF-IDF = TF * IDF. TF("I") = ©.33 * 0.5 = 0.228

19. Definition of neuron in feedforward
neural networks.

Feedforward NN - HenpoHka, rpe HeT
LMKIIOB .

HelpoH - eaVHWYHBIA WHUT HENPOHKKU. 3TO Input Layer
No CyTW ¢YyHKUMSA, MpUHUMawLAs Ha BXopf

3HAYEHUs ApYrux HEMpPOHOB, YMHOXalwas

WX Ha COOTBETCTBYWUWE BECH, Hidden Layer
pobasnsiwwaa bias n nporoHsawwas
pesynbTaT 4yepe3 (YHKLMI aKTMBaLUK
(Hanp. logistic). 9To m 6ymeT BbIXOA
HEeWpoHa.

Output Layer
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20. Describe backpropagation algorithm
for NN.

Backpropagation, o6paTHoe pacnpocTpaHeHue - anropuTMm
06y4YeHMss HEMPOHOK, WCMONb3ywWun rpagueHTHoin cnyck. (CyTb B
TOM, YTO Mbl O6HapyxXumBaeM YTO Ha BbIXOAE HE TO, YTO [OJIXHO
6biTb, M HayMHaeM NepeBOAUTb CTPESKM U UCKaTb KTO BMHOBAaT B
HenpaBuabHOM pesynbTaTe. [lonyTHO fgaBasa Mo wanke

HelpoHaM (MeHss BeCOBble KO3QOUUMEHTH) . A 9TW HENPOHb JalT Mo
wanke npeapaywnMm. W Tak [0 NepBoro cnos.)

Cob6CTBEHHO, [Hefnaem TO Xe camMoe, 4YTO M Npu OO6bLIYHOM ChycKe,
TONMIbKO MOACTaBnsieM Tenepb Beca W biases gnA Bcex HEMPOHOB.

Backprop

1. Forward propagate x,, to the neural network, store all inputs Ij and outputs Oj.- for each neuron
2. Calculate §; for all 2 € output layer using (1)
3. Propagate §; from final layer back layer by layer (2)

4. Using calculated deltas and outputs calculate O‘E‘ with (3)
ij

» Options:
= batch
= (min-batch) stochastic

21. Structure of conv-NN. Conv filters
and their settings.

CBepTOYHble HEeUpPOHHble ceTu - Bug HH, B OCHOBHOM
npefHa3Ha4YeHHbW OfS pacno3HaBaHMA o6pas3oB. Ha Bxop nopaeTtcs
nsobpaxeHne, npuyem pasgeneHHoe no RGB (depth). B ConvNet
€CTb pas3Hble Tumnbl Cr0EeB:
e Convolutional layer, cnou cBepTKW - AOPO CBEPTKU
npoberaeTca MO MHMNYTY, CUYMTaeT MaTPU4HOE MpousBefeHue.
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https://docs.google.com/document/d/1ebZUttizUiQkfBwudVvbQNi6T2NUYPZ12wDTxI7RiAI/edit#
https://docs.google.com/document/d/1ebZUttizUiQkfBwudVvbQNi6T2NUYPZ12wDTxI7RiAI/edit#
https://docs.google.com/document/d/1ebZUttizUiQkfBwudVvbQNi6T2NUYPZ12wDTxI7RiAI/edit#
https://docs.google.com/document/d/1ebZUttizUiQkfBwudVvbQNi6T2NUYPZ12wDTxI7RiAI/edit#
https://docs.google.com/document/d/1ebZUttizUiQkfBwudVvbQNi6T2NUYPZ12wDTxI7RiAI/edit#
https://docs.google.com/document/d/1ebZUttizUiQkfBwudVvbQNi6T2NUYPZ12wDTxI7RiAI/edit#
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e Pooling layer, cnou nynuHra - ynnoTHeHue,

OAYHCAOMMAMHI, 4TOo6b Momenb paboTana 6GbicTpee, MNpuM 9TOM

OCHOBHble $MYM M3006paxeHUs ocTalucChb.
Max Pooling and

There are two types of Pooling:

Average Pooling.

PesvieTat

32,41667

Max Pooling returns the maximum value

from the portion of the image covered by the Kernel.

On _the other hand, Average Pooling returns the average



https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

of all the values from the portion of the image
covered by the Kernel.

max pooling

20/ 30

112| 37

average pooling

e Fully-connected layer - nONHOCBA3HLIA COW -
Knaccupmkauma. MaTpuua KOHBEPTUTCHA B BEKTOP, OH
ckapmnuBaeTca multi-layer feedforward ceTke.

¢M11prI>I - 9TO TO, YTO CKOJIb3UT NO MHNYTY Ha CJioeé CBEPTKW.

in pllt neurons

gg%% first hidden layer
00000
00000~

Q0O0OCT

Visualization of 5 x 5 filter convolving around an input volume and producing an activation map
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https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53
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Pixel representation of filter Visualization of a curve detector filter
Mpumep éunbTpa.
Ye noumTaTb:

e https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Under
standing-Convolutional-Neural-Networks/

22. How to measure quality of clustering
with rand index?

KnacTepuHr - npouecc pacnuxvMBaHuUsi O6BEKTOB MO OAHOPOAHbLIM
rpynnaMm. Kak knaccuémkaumsa, TONbKO KJlacCbl HYXHO MpUAYyMbiBaTb
cammm.

Rand index - meTon cpaBHeHMA "MmoxoxecTu" ABYX pasbueHun
0OHOr0 M TOro Xe jJaTtaceTa Ha KnacTepbl:

B a-+b _a+b
i
a+b+e+d (ﬁ
oe:
S - MCXOOHbLIM gaTaceT, KOTOpbIM Hago noaenuTb Ha
KnacTepbl ;

X - pasb6ueHne Ha knacTtepbl 1;

Y - pasbueHne Ha KnacTepbl 2;

a - KOJMYeCcTBO Map 3JIEMEHTOB B S, KOTOpble (3SIEMEHTHI)
HaxoOATCcA B OOHOM KnacTepe B X U B OOHOM KJjlactepe B Y;
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https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-Networks/
https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-Networks/

b - konunyecTBO nap 3J1eMeHTOB B S, KOTOpPbIE (SJ'IeMeHTbI)
HaXogATCA B pPa3HbIX KJjlacTepax B X nes pPa3HbLIX KJlacTepax B Y.

Npumep: S = {a, b, c, d, e, f};

X: {1, 1, 2, 2, 3, 3} - pasbueHne S Ha Tpum KnacTepa, a u b
BN, cudsN2, en f B N3.

Y: {1, 1, 1, 2, 2, 2}.

Bce napbl anemeHTOoB B S: {a, b}, {a, c}, {a, d}, {a, e}, {a,
f}, {b, c}, {b, d}, {b, e}, {b, f}, {c, d}, {c, e}, {c, f},
{d, e}, {d, f}, {e, f} - Bcero 15 wTyk (370 (N 2) B
dopmyrne)

Ina Kaxgou napbl CMOTPUM: €CSin NEPBbLIA 3SIEMEHT Mapbl B OOHOM
KnacTtepe, BTOPOM B TOM Xe& CaMOM, MPUYEM 3TO BbLIMOJSIHAETCH M
ana X, n gna Y - yBenuumBaem a B dopmyne Ha 1. Ecnum oba
asleMeHTa napbl B pasHbiX KjacTtepax U B X, U B Y, yBenMymBaem
b B ¢opmyne Ha 1.

CknagpiBaeM a n b n genum Ha 15 - nonyumm RI.

23. Describe K-means algorithm.

K-means - anropuém knactepuHra. K - noToMy 4YTO KONNYECTBO
knactepoB, K, Mb 3agaém 3apaHee.

1. HayanbHble UeHTpouAabl KNacTepoB O6bIYHO GepyTCA pPaHOOMHO.

2. 3aTeM Ons Kaxpnoro camrnia paTtaceTa cuyuTawTca K
paccTosiHMn fo K ueHTpouaos.

3. Camnny npucBamBaeTCs KjlacC B 3aBUCUMOCTU OT TOro
LeHTpomga, K KOTOPOMY OH MnosiyyaeTcsa 65mxe BCero.

4. MponcxoanT nepepacyeT LEHTpouMaoB: 6epem cpepgHee OT
BCeX COMMJIOB KJjlacTepa, HasHadaeM LeHTpoug Kak 9To
cpefHee.

5. NoBTopsem anropu¢m c wara 2 Ao Tex MNOp, MNOKa Yy Hac He
6yneT C/IMWKOM MeNKoe OBWXEHWEe LEeHTPOMAOB B CPaBHEHUM C
Ux npegbiayuwen nosuvumen, nmM6o0 NpPocTO OCTaHaB/IMBAEM €ero
nocne N uTepaumn.
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24. Describe agglomerative clustering
algorithm.

ArnomepaTuBHbin KnactepuHr (AK) - noaBup mepapxmyeckoro
KnactepuHra (To ecTb Korpga y Hac cTpouTtcsa "uepapxusa”
KnacTepoB, aku gepeBo). ITo bottom-up nogsug, top-down -
3TO divisive KnacTepuHr, TamMm B CaMOM Ha4ane BCE COMMN/bl B
OOHOM KJlacTepe, 3aTeM OHM OenaTcsa.

AK:

1.

BCe COBMMJibl paCcKuaaHbl Mno CO6CTBEHHbIM Knactepam, TO €CTb
B KaXAoM KJjlacTtepe - OAMH COMIMl.

. BbI6MpaeM MEeTPpUKy, cChnyxauyrw pacCToAHMEM MeXay AOBYMA

KnacTtepamu, Hanpumep, EBknAnpoBy mnm MaHXSTTEHCKYI:

la —bll2 = I#"l:(ﬂf —b;)?
V5
la—bli =" la; — b

(EBknupoBa)

(MaHx3TTeHcKasn)

. Ha KaxJoM ware KOMOMHMpPYEM [Ba KaKMX-NM60 KracTepa, Yy

KOTOPbLIX paCcCTOoAHME MeXOay HUMKU MUHUMaJIbHOE

. NOBTOpAEeM war 3 no Tex nop, rnokKa He OCTaHeTCA HYXHOoe

HaM KOJIN4eCTBO KJlaCcTepoB

. PaccTossHua Mexpy KnacTepamu paccuuTbiBaeTcsa no dopmyne

Yopna (B3BeweHHOe MO MOWHOCTAM KiacTepoB pacCTOoAHUE
MeXay LeHTpamum Mmacc).
Kak onpegenuts paccrosinne R(W, S)

mexay knactepamu W =UUV u S,
3Has pacctosvma R(U,S), R(V.S), R(U, V)?

S||w = Py =
RY(W,S) = ?TTTV'PQ( 2 W Zgﬁ%)?
€ s€
S

|S|+|U
QU = 5w AV T sHw

25. What is ensemble learning? Bagging

Ensemble learning, aHcam6nb MeTOomOB - MeTO[4 MAaWWHHOIMO
06y4YeHUsi, MpU KOTOPOM WMCMOSIb3YyeTCHA HECKOJIbKO 6osiee cnabbix
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anropuMTMOB, 3aTeM pe3ynbTaT MX PadoTbl KOMOUHMPYeETCHA, 4YTOObI
JaTb pes3ynbTaT nonyyue.
O6y4eHMe aHCaMbnsaMM BKNWYaeT B CebA HECKONbKO Bapuauum.

(Note: with replacement - c noBTopeHuem: [a, b, c] = (a,
a), (a, b), ..; without replacement - 6e3 noBTopeHun: [a, b,
c] = (a, b), (b, ¢), .)

Bagging/bootstrap aggregating - Takom meTopn, Korga Hawwu
KnaccupmkaTopsl (MNM gpyrve Mogenn) TpPeHWpywTcs Ha
NOAMHOXECTBaX MCXOOHOM BbLIGOPKM C MOBTOpeHusiMm. To ecTb,
OOMH C3MMJT MOXET OKas3aTbCA B HECKOJZIbKMX MOAMHOXecTBax Aans
pa3HbIX Mogenen.

3aTeMm, BO BpeMms $as3bl nNpenckasaHus, CIOMMIbLI, OJ KOTOPbIX Mbl
XOTUM y3HaTb Kjacc (MM 4ymcrioBoe 3HadeHue, B clly4yae
perpecCcuoHHbIX AepeBbeB), MepenawnTcs BO BCe MOLENW.
fllonyctum, ecTb camnn X. Mogenb A nokasana, 4TO OH
npuHagnexuT knaccy 1, mopenb B - knaccy 2, mopgenb C - 3,
mogens D - 1. [lyTemMm nogcyeTa rosocoB rnpuceamBaem camnny X
knacc 1. B cnyyae perpeccuvoHHbX AepeBbeB - TO Xe camoe,
TOJSIbKO Mbl He rofiocyem, a 6epem cpegHee OT pe3y/bTaToB
npeackasaHum.

26. What is ensemble learning? Random
Forest

OnpepeneHne ensemble learning - B 6unerte 25.

Random Forest - nogBup 63rruHra, ucnonb3ywumn decision
trees B kadyecTBe Mmogenen. OTnuyme oOT O6LIYHOro 6IrrUHra B
TOM, 4YTO Ha KaxAoM HOBOM CMJIMTE B KaxaoM AepeBe Bb6Op TOro
npu3Haka, MNo KOTOpoMy 6yaeT WATKM CnauMT, Bbi6UpaeTcs M3
C/ly4aHOro MNOAMHOXecTBa BCEX MPU3HAKOB. JTO AeflaeTcs
NOTOMY, 4YTO €C/iM faTb BO3MOXHOCTb [OepeBbsM BbiOMpaTb Jy4dwuin
NPpU3HaK M3 BCEX BO3MOXHbIX, TO BCe OepeBbsi Ha
COOTBETCTBYWWNX CNAMTax 6yayT Bbi6bupaTb OOHU U Te Xe
NPU3HAKKU, MO CYTU YHMYTOXAs caMy HeOo6XOAMMOCTb B HECKOJIbKUX
nepeBbsiX.
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27. What is ensemble learning? Gradient
Boosting

OnpepeneHne ensemble learning - B 6unete 25.

Boosting B KOHTeKCTe aHcamMbna - 3TO Korja Kaxgas HoBas
MoLeNlb B aHcaMmMbne ecTb HeKoe YyhnydweHue npenbigyuen.
Hanpumep, Mbl CMOTPWMM Ha BbIBOA MEepBOM MOHENM, CMOTPUM Ha
ownébku, n B cnepywwen mogenn Mbl gaem 6onbumnin Bec (nyTem,
HanpuMmep, 60Jylee 4acTOro BKJIOYEHUSA OWMOOYHOrO CIMMNa B HOBbLIN
JaTaceT) MpuM co3fgaHuMM KnaccudukaTopa TeMm caMMiaM, Ha
KOTOpbIX Npoebanca npeabiaywnin KnaccuoukaTop.

Kak pa6oTtaet Gradient Boosting:
1. bepem cpepgHee OT UeneBOW MepeMeHHon. JTo 6yaeT nepBoe
nepeBo. To ecTb, KaxAoMmy camniy 6yneT MpeaukTUTbCH,
YTO ero nepemMeHHas - cpefHee.

Average Weight
In other words, if we stopped
(kg) right now, we would predict that
88 everyone Weighed 71.2 kg.

76

56

73

77

57

2. Cyntaem owunbKMU
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Average Weight

V\f(rle‘ig)ht Residual
& = Now do the same thing
76 48 for the_ remaining
Weights...
56 -15.2
73 1.8
(57 -71.2)4-14.2
77 5.8
b -14.2

3. CTpoum crnepgywuee nepeso, HO TaM BMECTO JINCTbEB Beca -
NNCTbA OCTaATKOB

. Gender=F .

' Height<1.6 -

14.2,-15.2

Height Favorite Residual
(m) Color

As a result, these two rows
of data go to the same leaf.

1.5 Blue Female -16.2

1.4 Blue Female -14.2

(Ecnu B nucTe 2+ npeavkwHa, 6epem ux cpepHee (Ha
KapTuHke -14.7))

4. NpeguMKTUM HOBbLIM BEC [AJIA COMMIOB faTaceTa C YYETOM
learning rate, u4T06b M36exaTb oBepuTa



Average Weight Gender=F

4+ 01 X

Color not Blue

Now the Predicted Weight = 71.2 + (0.1 x 16.8) = 72.9

5. NNoBTopsieM, HauyMmHaa c wara 2, noka He 6yneT N gepeBbeB.
Mpn 3TOM NpU HOBLIX MpeguKWHax AN TPEHUPOBOYHOI O
JaTaceTa Mbl BKJKW4YaeM pesynbTaT Kraaccupukaumm pnsa
JaHHOro camriia n3 npegpayunx gepeBbeB, T.e. Ha TpeTbeMm
nepeBe 6ygmet 71.2 + 16.8 + Kakoe-TO HOBOe 3HayeHue. He
3abbiBaeM learning rate.

6. lpeankT Ha TEeCTOBbIX AaHHbIX paboTaeT TOYHO TaKxe: Gepem
npegukwH oT nepeoro pgepesa (71.2), NpeauKulH M3 BTOPOro
nepeBa, W3 TpeTbero.., CYMMUpYeM UX - Byans.

7. Knaccupukauma paboTaeT TOYHO TakKxe, TOJIbKO TaM B
KayecTBe JIMCTbEB M OCTATKOB UCMOJIb3YWTCHA BEPOATHOCTMH,
yToO CaMnn nonagaeT B TaKOU-TO KJiacce.

Ye nocmoTpeTb:
1. https://www.youtube.com/watch?v=LsK-xG1cLYA
2. https://www.youtube.com/watch?v=3CC4N4z3GJc
3. https://www.youtube.com/watch?v=3jxuNLH5dXCs

28. Idea of Collaborative Filtering

Konna6opaTuBHaa ¢unbTpauuss - MeTof MNOCTPOEHUS MPOrHO30B B
pekoMeHAaTeNIbHbLIX cucTeMax (cucTeMbl MpeAcKasaHus Bewen,
3auHTepecywWnx nonb3oBaTens, Mo ero AaHHbM), WUCMONb3YHUKni
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M3BECTHbIE MNMpeanoyYTeHnaA rpynmnobl nonb3oBaTenen ansa
npeacKkasaHnMA HeU3BECTHLIX I'IpG,D,I'IO‘-ITGHVIVI Apyroro noJjfib3oBaTesii.

Item-Item Collaborative Filtering: “Users who liked this
item also liked ..

User-Item Collaborative Filtering: “Users who are similar
to you also liked ..

. Advantage/
Techniques Definitions Disadvantage

Advantage
Easy creation and
explanability of results

Find similar users based on cosine
similarity or pearson correlation
and take weighted avg. of ratings

Performance reduces
when data is sparse.
So, non scalable

Collaborative
Filtering (CF)

Advantage
Dimentionality
reduction deals with
missing/ sparse data

Use machine learning to find user
| Model based ratings of unrated items. e.g. PCA, e m‘:.ll'.:g.bl
approach SVD, Neural Nets, Matrix — B eren e uss:u:ca -

Factorization hidden/latent factors

hs
A; B;
AB X

~AlB|

similarity = cos(6)

Tl Tt
> AL 2B
=1 i=1
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Short questions

1. Dimensionality reduction, feature
selection and NLP

1.1. Definition of correlation and mutual
information. Intuition behind them

Koppensuua - mepa cTaTUCTUYECKOM B3aMMOCBSA3W MexAy [OBYMS WU
6onee BeNIMYMHaMU.

covyxy = M[(X — M(X))(Y — M(Y))] = M(XY) — M(X)M(Y)
covyy L(X-X)(Y-Y)
T JEX XY -V

B3aumHas uHopmauusa - elue ogHa Mepa B3auMMOCBA3W,
yKasbiBawwasa, Kakoe KOJM4YeCcTBO WMHPopMaLMM Mbl MOXEM Y3HaTb 06
OLlHOM MEepPeMeHHOW, uccnenys OPYryil MNEepeMeHHYH.

For example, suppose X represents the roll of a fair
6-sided die, and Y represents whether the roll is even (0
if even, 1 if odd). Clearly, the value of Y tells us
something about the value of X and vice versa. That is,
these variables share mutual information.

bynem BblweykasaHHbIM MpUMep C H6pocKamMuM KOCTEW paccmaTpuBaTb
BO BpeMsl MOSCHEHUS 3a BOT 3Ty BOT ¢opmyny:

I(X;Y) = H(X) — H(X | Y) = H(X) + H(Y) — H(X,Y)

H(X) - aHTponusa. MycTb X o6o3HayaeT MHPOpMaLUMK O TOM, Kakas
M3 WecTn CTOpPOH Kybuka Bbinana, a Y - MHPopMauuio O TOM,
yeTHOe Nu BbiNnano 4ymcno. OHa cuyumTaeTCA TakK:
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T
H(z) = - pilog, p;.
i=1 . 3oecb p(i) - BepoATHOCTb CO6GHTMA i
(pna npumepa ¢ kKybukamm - Bespe 1/6).

o
H(X,I’):—ZZ% log By

1=1j=l . 9TO SHTPONWA COBMECTHON CUCTEMbl, TYT
P_ij - BepoATHOCTb OAHOBPEMEHHO COO6bLITUA 1 M3 cuUcTeMmbl X U
n3 cuctembl Y. B cnyyae KybukoB, Hanpumep, CTPOMM MaTpuuy
6X2 U CMOTpUM BCe BapuaHThl.

CuntaTb BCH CuUctemy CTano JieHb, MNpPOCTUTE.

1.2. Recurrent feature elimination

bepem Momenb, TpeHupyem Ha Bcex N ¢uyax, cmoTpum feature
importances (N1.3), y6upaem ¢udy c HaummeHblen importance,
TpeHupyem Ha N-1 ¢myax, noBTopsieM, noka He 6ymeT K nyyuwmx
dny.

1.3. How is decision tree feature importance

calculated?

Cuntaem BEpPOATHOCTb AONTWM [O HOAbl M YMHOXaeM Ha “impurity”
- KaK e MOHAN - 4YTO-TO TuMNa [OOSM MpaBWUSIbHO YrafaHHbIX
06bEeKTOB

1.4. Definition of PCA. How to perform
transformations?

Cm. Theoretical minimum #16

CMecTUTb ¢UUYM K LEHTpPY, MOBEPHYTb fAaTaceT OCHOBbIBAsCb Ha
BEKTOpPa KOMMOHEHTOB.

1.5. Definition of SVD. Its connection to PCA

SVD - Single Value Decomposition, wnn cuHrynsipHoe
pasfioxeHne. 3TO MeTOof Pa3/IOKEeHUs MPAMOYrOJSIbHOM MaTpuubl Ha 3
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kKoMmnoHeHTa - U, En V, rge U n V - yHuTapHble maTtpuupl, a E -
avaroHanbHas (T.e. Takas, rae 3JIeMeHTbl, He PacnoJIOXEeHHble Ha
rNaBHOM AuMaroHanu, paeHbl Hynw). SVD ucnonbsyeTcsa ans
pacyéToB B PCA, Kak TOYHO - He eby.

(1 0 0 0 2]
M- 0 0 3 0 0
00 0 00
0 4 0 0 0
1 4 0 0 00 [ 0 L 00
U= , ¥= , V= 2
00 0 -1 00 +/5 0 0 Jg_ g E 2
1 0 0 0 00 0 00
| -v08 0 0 0

NleBas CUHrynsapHas maTpuua KoOBapuauMOHHOMW MaTpuLbl CMEWEHHbIX
dnuen aAnaeTca BeKTOpamMum KOMMoHeHToB PCA

Ye nouumTaTb:
e https://towardsdatascience.com/pca-and-svd-explained-w

ith-numpy-5d13b0d2a4d8

1.6. What is TF-IDF? Its movitation?

Cm. Theoretical minimum #18

1.7. Connection between LSA and PCA

LSA - Latent Semantic Analysis (cm. Detailed questions
#1.3)

O6a meTopna tw3awT SVD
YecTHo roBopsi LSA aT1o TOT Xe cambim PCA Tonbko
npefHasHayeH ONA TEeKCTOBbIX AaHHbIX

e OH cKuNaeT 4YacTb MpenpoueccuMHra M ToxXe OeNUT TeKCT Ha
pasfinyHble KOMIMOHEHTHI
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2. Neural Networks

2.1. Definition of multi-layer feedforward
neural network. Possible activation functions

HelipoHHaa ceTb - MaTemaTuyeckasi Mofenb, MOCTPOEHHas no
o6pasy M NoJo6uK peasnibHbIX HEMPOHHLIX CBS3EM B 4YE€NI0BEYECKOM
MO3re W npeacTaBnswasd Cob60M CUCTEMY CBA3aHHLIX Mexgy coboMu
"HenpoHoB" - ¢yHKLMIN/NpoLECCOPOB, MNPUHUMAKNWMX CUrHaMb CO
BXO4a WM C LOPYrUX HEWPOHOB, MNPOM3BOLAWMUX BbIYMCIEHUA Haf
HUMW M BblgalWUX NM60 HOBLIN CUrHan, nNMbo pesynbTaT paboThl
BCen ceTu. WHadye roBopsi, HEMpPOCETKM eCcTb rpadbl, HEUPOHbl -
BEpWWHbl, pébpa C Becamu.

—_
N
SN

B paHHOM nNpumepe 3efieHble BEpWWMHbl - BXOAHble HeMpoHbl (input
layer), npuHumawnwme Ha BXO4 4YMCna WM nepepawwme UX CUHUM
HEeNpoHaMm.

CuHne HenpoHol - hidden layer, oHW NpuHMMaWT uyucna, YMHOXaWT
MX Ha BeC TOro pebpa, KOTOpOe COefuHSEeT [OaHHbIN HEWpPOH B
C/ioe C HEeMPOHOM W3 MPOoWSIOro CJ/IoA, OT KOTOPOro 3TO YMCIO
NpuWNo, CKNadbiBawT BCe Mnpuwepwve 4yucnaxseca, pobaBnawT
yucno - bias, HopManM3yKwT 3TO YUCAO C MNOMOWLKW ¢YHKUUK
akKTuBauum 1 nepepawT 3TO 4yucno panbwe. Hidden layer-os
MOXEeT OblTb MHOrO.
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HakoHel, output layer - 5TO Te HeMpoOHbl (XenTble Ha
KapTUHKe), KOTOpble BbiAAWT pe3yfbTaT paboTel ceTU - Nn6o
npocTo 4uucno, nméo, B 3aBUCMMOCTWM OT Mopora, Kihaccupmkaumwo
BXOOHbIX [aHHbIX .

Multi-layer noTtoMy, 4TO KakK MWHMMYM TpX CNOSA: BXOLHON,
hidden, BbhixogHon. Hidden-cnoee MoxeT 6bITb AOXys U 6onble.

Feedforward notomy, 4To pesynbTaTbl paboTbl HEMPOHOB
nepepanTcA cfeBa HanpaBO, HeT UMKOB/Mepefayn BbiXofda
HeMpoHa Ha npowsble cnou (B oTnMume oT recurrent NN).

OYHKLUUN aKTUMBaALUKU - 3TO ¢YHKUMS, BbIYUCAAWAS BbIXO4HOM
curHan HempoHa. OHM uchnonb3ywTcs ANs Ao6aBneHus
HENIMHEMHOCTU B MOJefNlb, YTO6bl MOTOM MHTeprnpeTauus OaHHbIX W
annpokcumauusa ¢yHKUMKM, oOnuchiBawlWen OaHHble, nyduwe wna. bes
dYHKUMMA aKTUBaALMA BMECTO HEWPOHKM Mbl MOJSTyYaeMm OO6bIYHYI0
NIMHENHYI perpeccuio.

KenaTenbHboie cBOMCTBaA, KOTOPbLIMU [ONKHA ob6bnagaTb ¢yHKUMA
aKTUBaLMU:. HEJIMHEMHOCTb, HenpepbiBHas AndpepeHLMpyeMocTb
(4To6bl backpropagation/rpagMeHTHas xyWHa paboTana
HOPMasibHO), MOHOTOHHOCTb.

Mpumepbl dYHKUMI (MX AOXysi, TYT cambie MOnynsipHbie) :

e curmoujga

1 e’ LT

S(z) = .
(z) 1+e e’ + 1
e Rectified Linear Unit (RelLU)
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r forx =0

f(z) = {{} forz <0

e Tanh - rMnep6oNMYECKUN TaHreHcC

Gt

f(z) = tanh(z) = (e +e7)

2.2. Idea behind the backpropagation
algorithm

Cm. Theoretical minimum #20

2.3. Why is conv-NN more preferable to simple
NN for image analysis?

CTpyKTypa KOHBOMWUMOHOK - cM. Theoretical minimum #217.

Ecnn mbl 6ygem mMcnonb3oBaTb CTaHOapTHble HEMPOHKM OJ1I aHanu3a
n3obpaxeHnn, 3TO MoBne4yeT 3a COOOM KaK MUHUMYM fOBe
npo6nemsi.

NepBasa - BbuMcnuTenbHasa. AHanma 4K-8K n3obpaxeHun pasmepom
B OECATKM MUIJIMOHOB MuKcenen 6yaeT o3HayaTb OXYyUTeSlbHOe
YUCNI0O HEMPOHOB, OXYUTENbHOE 4YUC/I0O BECOB, W BCE 3TO - TOJIbKO
OAMH crnon. Mbl NpocTo 3aebémcAa xpaTb pel3ynbTaTa.

Btopas - uHTepnpeTaTmBHasa. CTPpyKTypa KOHBOJIOLMOHHbLIX CJIOEB U
Hanuune TakuUx Bewen, Kak agpa/¢unbTpbl, MNO3BONSET
CONV-HENpOHKaM OEeNCTBUTENIbHO BLIKOBbIPpUBATbL KaKMe-TO
WHTEpEeCHbIe PUUM n306paxeHnn, NOTOMY YTO Ha CONV-CloAX MaeT
aHanM3 KOHKPEeTHOM 4YacTu M306paxeHusa - maTpuubl nNukcenen. B
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cnlyyae O06blYHOW HEMPOHKW criouM 6yayT MpPOCTO CMOTpPeTb Ha
BEKTOpa MWKCesen U HWUXYs He MOHWMaTb, SABASITCH SN OHU
4YacTbl 4Yero-To 6OMbWEro U UHTEPECHOr0 WU HeT.

3. Ensemble methods

3.1. What is bagging?

Cm. Theoretical minimum #25

3.2. Describe Random Forest algorithm.

Cm. Theoretical minimum #26

3.3. Describe boosting. How does it differ
from bagging/random forest?

Cm. Theoretical minimum #27

3.4. What is blending and stacking?

Stacking - kak bagging, TONbKO BMECTO IOJIOCOBaHMA WU
BbibOpa cpegHero Mol ucnonb3yem BoiBOAbl N mMopenen, 4TOObI
co3fnaTb HOBYW MOAeESb.

Blending - penum paTtaceT Ha 2 4acTWU, YYMM Ky4dy MaJieHbKUX
MoZenen Ha pgataceTe, UX OTBeTbl go6aBnssieM Ha TeCcT U BO
BTOpPYW 4YacTb fJaTaceTa B KayecTBe ¢uyen. Yumm ppyryio Moaenb
Ha OoTBeTaxXx 3TUX alroOpuMTMOB.

Ye nouumTaTtb:
e http://blog.kaggle.com/2016/12/27/a-kaqgglers-quide-to-

model-stacking-in-practice/
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4. Clustering

4.1. Agglomerative clustering. Possible
distance between clusters.

CMm. Theoretical minimum #24

4.2. K-Means. Possible initializations of
centroids.

K-Means: cM. Theoretical minimum #23

LleHTpouasl cuMTanTCA Kak cpefHee OT BCeX CIMMIOB B KiacTepe
(npumep: 20, 30, 35 -> 28.3).

MeTombl MHULUMANU3aUUM LEHTPOUAOB:

e paHOoMHOe pasfernieHMe paTtaceTa Ha K 4yacTeun, paccuér
ueHTpomaa ONA Kaxnon 4vacTu

e [pOCTO paHAoMHbiM BbiGOp K coamnnoB u3 pgaTtaceTta wm
Ha3HayeHMe UX KakK LeHTpouaoB

e Bb6Op K Hambonee panekux Apyr OT gpyra CaMmnioB.
Hanpumep: N1 - paHpomHbin camnn, N2 - Hambonee panekumn
oT N1, N3 - Hambonee panekun ot N1 u N2, n T1.4.

e k-means++: noxox Ha npegpaywmm, HO UCNONb3YyeT
BEpOATHOCTU. Bbolbupaem N1 paHOOMHO, [na Kaxgoro camnna
X 13 Bcex ocTasnbHbiX cuymTaem D(X) == paccTosHue oT X 1o
6nnxanwero yxe BbiOpaHHOro uUeHTpouaa (B AAHHOM cly4dae
Tonbko N1). 3aTem M3 Bcex elwe He BbI6paHHbIX BbiGMpaeM
OOWH, Y KOTOpPOro Hambonbwas BEpOSATHOCTb Bbibopa, a oOHa
nponopumoHanbHa D(X)22 - 4yem 6osiblie paccTOossHUE, TeEM
60/iblle BEPOATHOCTb Bbi6GOpa 3TOM TOYKM.

A BooGWe BbHIGOP HadanbHbIX LEeHTpouaoB - 3To NP-cnoxHas
npo6nema, Tak-TO.
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4.3. K-Means. Ways to estimate number of
clusters.

K-Means: cM. Theoretical minimum #23

OQHO3HA4HO OXYeHHOro anropurtma Bbl60pa Koim4yecTBa KJiacTepoB
HeT, €CTb TOJIbKO 3BPUCTHUKA.

Bo3moxHble MeTOfbI:

® [pPOCTO CMOTPWUM Ha [aHHbIE
(plt.scatter()) v npukuobiBaem Xy K
Hocy. Hanpumep, Ha KapTWHKe cneBa
LOBOJIbHO OYEBWUAHO, CKOJIbKO [OJIKHO
6biTb KilacTepoB

e Elbow method. OH ocHOBaH Ha MUHMMM3ALMU T.H.
within-cluster sum of squares (BHYTpuUKIacTepHON CYMMbl

K B
Y ¥ ¥lag—ag)

KBagpaToB) : k=1ic Sy j=1
3necb S_k - camnnb B K-OoM knacTtepe, TpeTbs CymMma M TO,
YyTO Nocfie Hee, - 3TO CyMMa KBagpaTOB PacCTOAHMA BCeX

CaMMJIOB KNacTepa k OO uUeHTpouga [AHHOMO KjacTepa
(UeHTpOMA - X C KPLIWKOM), p - YUCNO ¢UY B OOHOM
camnne. [llpowe roBops, AN Kaxforo KaHgujaTa-yucna
knactepoB k oT 1 go N:

1. penaem pasbueHne Ha knacTepbl (ga, anropudm
npegnonaraeT pas3bueHuMe Ha knacTepbol N pas pgns
pasHOro 4mcsa KnacTepoB M YXe MOTOM Bbi6Op
nyJywero pas6ueHus)

2. 0N Kax[goro kKnacTtepa B TeKylWeM pa3bueHuu cuymTaem
CYMMYy KBagpaTOB PaCCTOAHMA Kaxgoro cawmnia
KnacTtepa, cunmTaem cymmy Y 3TUX CYMM Yy BCeX
KnacTepoB TeKywero pasbueHus, 3aHOCUM CYMMY Ha
rpaduk: x = k (Tekywee umcno knactepoB), y = Y.

3. CMOTpMM Ha rpa¢uk:

56



57

200
|
.

150
|

—
.
h.‘__.__.h.
T e —e 9 _e_o

I \ T T 1 1 1
2 4 6 8 10 12 14

Total within-clusters sum of squares
100
I
.

Number of clusters K

Mo cyTu, Mbl CTPOMM 3aBMCUMOCTb o0bwen amcrnepcum
pa3bueHuss oT KoN-Ba KJjacTepoB. 34ecCb BaXeH
6anaHCc: ecnu KjacTepoB 6yAeT CJIMWKOM MHOrO,
nosyyunM oBepoUT, CAUWKOM Mano - 6yaeT OXYUTeNbHO
6onbwas aucnepcusi. NMoaTomy Mbl Bbi6MpaeM Takoe
4yucno, rnocjie YBeNMYEeHUA KOTOPOro Mbl He MONYy4YuM
CYWECTBEHHO ny4dwero pas6ueHus. Ha rpaduke,
Hanpumep, 9T0 4.

e Average silhouette method

AHanoru4Hbii NpenbiayuweMy MeTof, TONbKO B KayecTBe
METPUKM KayecTBa Mbl BMECTO CYMMbl KBaapaToOB 6epeM T.H.
CUNYyaThl - 4Yuc/ioBble 3HadeHus oT -1 pgo 1,
XapaKTepusywume CKYYEeHHOCTb U pa3fesiéHHOCTb KacTepoB
(6onbwe - nyywe). Kak cuyuMTaTb: ANS Kaxgonm TOYKM 1 B
Kaxgom knacTtepe Ci paccuuTbiBaeMm:

a(i) - cpepHee paccTosiHMe MexAy 1 M OoCTasibHbIMM TOYKaMu
KnacTepa;

b(i) - mMHMmanbHoe (T.e. paccuMTbIBAETCHA OTHOCUTEJNIbHO
6nuxanwero KnacTepa, B KOTOPOM i1 He COCTOMUT) cpepHee
paccTosiHMe OT 1 [0 BCex TOYeK APYrux KnacTepoB;

s(i) - cunyaT Toukwu.

ali) = —— 3 di,j)

ICil =1 iy



1
b(i) = min Z d(i, j)
i#] |C_F| _jr:('.‘j;

1 — a(i)/b(i), ifa(i) < b(i)
s(i) = { 0, if a(i) = b(i)
b(i)/a(i) — 1, ifa(d) > b(i)

Bepem cpefHee OT CUNySTOB BCeX TO4YeK gaTaceTa, CTPOUM
rpa¢uk, BCE KakK B MPOWSIOM MeTopge.

e Gap statistic
https://datasciencelab.wordpress.com/tag/gap-statistic

L

4.4. DBSCAN. Pitfalls of the method.

DBSCAN (Density-based spatial clustering of applications
with noise) - ewe oguH anropu¢m knacTtepuHra. Density-based
== KJlacTepbl ONpPefenanTCcs KakKk MecTa Ha rpa¢uke c 60nbwen
MNOTHOCTbI TOYEK, YeM oCTasjibHble MecTa (ABnsWMecs WyMoMm) .
MnepnapameTpbl anroputMa: E - OKpeCcTHOCTb BOKPYr OCHOBHOW
TOYKM KracTepa, BCe TOYKM B OKPECTHOCTM 6yAyT cUMTaTbCH
YyacTbld KnacTepa; minPts - MWHMManbHOE KONMYECTBO TOYEK B
OLHOM OKpPEeCTHOCTWU, KOTopble 0b6pasyiT knacTtep. B kauyecTBe
METPUKKN pacCTOsAHUA O06bIYHO Mcnonb3yeTcAa EBKINOOBO.

Kak pa6oTaeT:
1. InAa kaxgonm Touyku P:

a. ecnum Tovyka yxe OTMeYeHa KaK WyMm/4acTb KnacTepa,
nponyckaem eé.

b. B paTaceTe Haxoaum eé cocenein (MHOxXecTBO S) B
okpecTHocTu. Ecnn konu4yecTBO cocefen Ha
paccTosHuM <= E MeHbwe, 4yem minPts, paHHasa Touka
nomevyaeTcsa KakK Wym (XoTa [Oanblie OHa MOXeT 6biTb
nomMeyeHa KakK 4acTb [Opyroro knacTtepa).

C. CO3JaéM KnacTep, TOYKY MNOMeYaeM KaK MpuHagsexauyto
KnacTepy.

d. ona Kaxponm TOYKM B MHOXecTBe S, Mnoka OHO He
nyctoe (MOXeT MOMOSIHUTLCA BHYTPU 3TOr0 UMKNA) :
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i. ecnu paHee 3Ta Toyka 6blla NMOMeYeHa KakK WyM
(Hanpumep, eé npoBepunn fo P n Tam cocepen
6bI10 HEOCTAaTOYHO MHOr0), OTMeYaeM eé BMEcCTO
3TOr0 Kak 4acTb KnacTepa.

ii. ecnum Touyka OO0 CUX NOpP HUKAK He noMmeyeHa
(wym/knacTtep), OoTMe4daeM €€ KaK 4YacTb
KnacTepa.

iii. CMOTPUM cocefieM 9TOM TOYKWU, KaK B MNYyHKTe b.
Ecnu umncno cocepen 6onbwe uanm paBHO minPts,
TO 3aHOCMM UX BCeX B S, 4YTOOb MOTOM TOXe
NpoBEpPMUTb C BO3MOXHbLIM BHECEHMEM B KacTep.

MpeumywecTtBa:
e anropu¢M MOXeT HaWTWU JINHEMHO Hepas3fenuMmble KiacTepsl
® YCTOWYMB K WyMy
e BCero fABsa runeprnapameTpa
® He HYXHO 3apaHee yKasbiBaTb, CKOJIbKO HYXHO KJjlacTepoB -
DBSCAN caM BbIYUCAUT UX 4YUCIIO

HepocTaTKun:

e KpaeBble TOYKW Mexay [AOBYMsSi KnacTepamu MOryT ObliTb
OTMe4yeHbl KakK 4YacTb JI6oro M3 HUX, 9TO 3aBUCUT OT
nopsaka npocMoTpa To4ek

e eBKAMOgOBa MeTpuKa, paBHO KaK W 4YesioBEK, 3agaiwmn
napameTp E, MoryT 3axnebHyTbCs Ha [AOaHHbIX BbiICOKOW
pasMepHoOCTH

e eC/M pas3HuMua B MJIOTHOCTWM B pa3HbiX ob6nacTAX gataceTa
6onbwaa, TO pe3ynbTaTbhl KnacTepu3auunm CTaAHOBATCH XYXe.

4.5. Cluster quality and validity measures.

Cm. 4.3 - Ha rnas, elbow, cunyaTbl. ECTb ewe Takasa BelWb, Kak
Dunn Index, HO 1, €CnM YeCcTHO, YyxXe 3aebanca, MoaToMy MNyCTb
KTO-HUOYOb OpYyron ero pasbeper.
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5. Recommender systems

5.1. RecSys idea and challenges.

PekomeHpgaTenbHole cuctembl (PC) - mogenu, KoTopbie MbiTawTCS
npeackasaTb, Kakue 06beKTbl MOryT MOHpPaBUTbCA MONb30BaTENo,
nMes Kakyw-nmbéo mHopmauuiw O Hem, NM6O O ApPYrux
nonb3oBaTenax. EcTb gBa ocHOBHbIX Tuna PC:

e content-based: pekKkoMeHgaumnmnm cos3pnawTcA Ha OCHOBe

npownoro onbiTa Nonb3oBaTens. Hanpumep, ecTb paTaceT
pasfIM4yHOM MY3blKW, Yy Kaxgoro Tpeka - ¢uum akum B
CTaHOapTHbIX AaHHbIX. lonb3oBaTenb cnywaeT My3biKy U
SIBHO/HEABHO €€ oueHuBaeT (pPenTUHI MM MPOCTO
KONIMYeCTBO MNpPOC/yWMBaHUN) . Ha OCHOBaHMM OLEHUBaHUSA
cucTeMa HeKOTOpbiM aTpubyTaMm TPEKOB MpuUAaeT
MeHblee/6oNnbllee 3HaA4YEeHME U yXe OTTallKMpaeTcsa OT 3TOro
npu panbHenwen pekomeHpgauuu, Hanpumep, MOACOBbIBaET
MYy3blKy C 6051€e MOXOXUMU Puyamm.

collaborative filtering (konna6opaTuBHaa ¢unbTpauusn) :
cM. Theoretical minimum #28.

Main assumption of collaborative filtering: if a
person A has the same opinion as a person B on an
issue, A is more likely to have B's opinion on a
dierent issue.

Challenges:
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YTo menaTb C HOBbIMW MOSb3OBATENsIMM, O KOTOPLIX BOOOWE
HMW4Yero He M3BeCTHO? YTOo uM npepnaraTb?

To Xe camoe, TONbKO C HOBbLIMM MpegMeTamu.

NMonb3oBaTenu MOryT 6biTb HemnocnenoBaTesIbHbIMM B CBOMX
oueHkax. MOXHO oueHUTb NepBbIN CE30H cepumana Ha 5/5,
BTopon - Ha 1/5. W uTo Tenepb pgenartb?

bonee TOro, BMecTo nonb3oBaTesid MOXeT ObTb He 4YenoBek,
a 60T, KOTOpPbLIN HAMEPEeHHO CTaBUT BLICOKME OLEHKU OOHUM
aBTopaM M HU3KKWe - apyrum. TyT Hago MOHUTOPUTb



noBeneHne, XoTA B LENOM 3Ta npob6sieMa MeHblle OTHOCUTCS
K KoHTekcTy PC.

e Pas3pexeHHOCTb/OrpoMHas pas3MepHOCTb [aHHbIX: Yy Hac ecTb
MWUINIMOH TOBApOB W MUNIMOH Nonb3oBaTenen. Kaxabin
nonb3oBaTeflb He CTaHeT OeuHMBaTb KaXAblh U3 MUIIJIMOHA
ToBapoB (4@ 4YTO yX TaM, s caM HM pasy HU OLHOrO
NPUIOXeHUs He oueHun). B pesynbTaTe Mano Toro, 4To Yy
Hac HeBeposiTHO 6onbwaa Tabnuua, Ha aHanm3 KOTOpOM
yngeT MHOIMO BbIYUCAUTESIbHBIX MOWHOCTEW, TakK TaMm ewe wu
99.9% 3HayeHUn - Hynn. Yto pmenatb? (OTBET: CHUXEHUe
pa3mepHoOCTH) .

5.2. Baseline predictions. Motivation.

General baseline

'buz—”+b +bi’
b u|21.,_ (Rm_ )

b I T.| Em_U (Rm _ au)

Intuition

» b, is how much higher user rates items than on average
« b; is how much item 7 is rated higher than average user rating

Motivation

« Compare accuracy with advanced model
« Can compute missing values with baseline values
« Normalization: predict R,,; — b,; instead of R,;
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5.3. User-based collaborative filtering.

BkpaTue - ecnu ecTb fABa 4esioBeKa C MOXOXUMU BKycamu (UMM
HPaBATCHA OOHM U Te Xe OUNbMbl, HanNpuUMep), W €Csv OOHOMY M3
HUX MOHPaBWIICA KaKOW-TO HOBbLIK OUIbM, TO 3TOT Xe ¢UIbM MOXHO
NoOpeKoMeHAoBaTb U BTOPOMY YEesIOBEKY.
dunbTpaums B 3TOM MeTofe OCHOBaHa Ha MeTofe Nearest
Neighbors:

e Haxogum K 6nmxanumx cocefen Tekyluero kaepa

® CUMTaeM NpPeauKWH :

~ i veN(u) Suv Rm _ Rl-‘
Rm-:RquZEN(} ( )
ZvEN(u} ]Sm:]

3necb R_ui - ¢uMHanbHbIM npegnofsiaraeMbin peMTUHI npegmeTa
(i) w3epom (u), R_Uu - KakK & MOHAN, CPEOHUN PEeNTUHI
BCeX Belen, MNpOoCTaBI€HHbIX [aHHbIM 03epoM, S_uv -
"noxoxecTb" ABYX 03epoB (MO Hel Xe M cunTanTCSH
6nMxanume cocegm) :

Z (Rm' il Ru)(Rm - Rv)
icl,Nl,

Sk = \/ > (Rui—Ru)z\/ > (R — Ry)?

iel,Nnl, iel,NlI,

EcTb euwe BapuaHT C Hopmanmsaumeﬁ:

n = Zi, -Niu 31:-1.'(Rm' i Rv]/ Ty
Rui == Ru e Oy Sl
Z-L-e N(u) |8us]

3pecb o_u - stdev Bcex pPenTUHIoB lk3epa.
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5.4. Item-based collaborative filtering.

OcHoBHas uagea - npepnaraeM To, 4YTO MOXOXe Ha Belwu, KOTopble
HpaBATCS [OaHHOMY i03epy. [lpuMmep: HpaBATCA poyAa-MyBU -
NMOCOBETYEM YTO-HMOYAb M3 3TOr0 XaHpa.

Mo BbLIYMCIIEHUAM MOYTU BCE TO X€ caMmoe:

f _ 2t fiif
i ZjEN(:&} 835

Toxe HaxoouMm cocefHue npeaMmMeTbl MO MOXOXECTU, TOXE CMOTPUM
MX OLEHKY H3€epoM.
MNoxoXecTb MOXHO BOT TaKUMW MeTOAaMU CUYUTaATb:

ZuEU{R‘u,I T }iu}(Ru._r T }Eu] -
VEuev(Rug — BTy cv(Ruy — Ru)?

sim(i,j) =

5.5. Ways to calculate similarity measures
for collaborative filtering.

e Cosine similarity

25: }%ui}{ui

iel,Nl,

5 Ri_f\/ Y.

icel,NI, icel, NI,

e Pearson correlation
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e Spearman correlation
e Adjusted cosine similarity

Yuer(Rui ~ R)(Ruy —Ru)
VDo Bai— Bl Do colBay — RuP

sim(i, )

5.6. Use of SVD in RecSys domain.

Mpo6nema - BbiCOKAss Pa3pexXeHHOCTb AaHHbIX (99% K3epoB HUYEro
He oueHuBawT). PeuweHne: SVD

Singular Value Decomposition

Each matrix X € R™*? with rank 7 can be decomposed as
T
X=UXV", where

« U - unitary matrix, which contains eigenvectors of X X '
« V - unitary matrix, which contains eigenvectors of X ' X
« Y - diagonal matrix with singular values o; = /\;
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Recalculation for new user
p, = argmin ||r, — Vp|]> = {OLS solution} = (VTV)_IViru =VTr,
P

o p, = V Tr, is avector of scalar products [{v1,74), (V2,70 )y« -+ 5 (U, Tu)]
« Backward transformation from low-dimensional representation p,, to initial representation #,: 7, = Vp,

X U S vT
T11 ri2 ... T1in 8
Uit e Uty 1 0 11 .- Uin
I21 T22 0
U U . v v
Tl T m1 mr Srr rl rn
3 m X T r X7 rXn
m Xn

X denotes the utility matrix, and U is a left singular
matrix, representing the relationship between users and
latent factors. S is a diagonal matrix describing the
strength of each latent factor, while V transpose is a
right singular matrix, indicating the similarity between
items and latent factors. Now, you might wonder what do I
mean by latent factor here? It is a broad idea which
describes a property or concept that a user or an item
have. For instance, for music, latent factor can refer to
the genre that the music belongs to. SVD decreases the
dimension of the utility matrix by extracting its latent
factors. Essentially, we map each user and each item into a
latent space with dimension r. Therefore, it helps us
better understand the relationship between users and items
as they become directly comparable.

5.7. Idea behind latent variable approach.

CkpbiTas nepemeHHas - TaKas MNepeMeHHas, KoTopas He 3ajaHa B
SIBHOM BuAe, HO KOTopasi BbHIBOAUTCA 4epe3 Apyrue nepemMeHHble C
NMoOMOWb MaTeMaTUKMU.

In content based filtering approach, we feed user’'s history
and explicitly defined factors to map all products and
users to those factors space. But in latent factor based
method, we only feed user’s history and we not need to
define descriptors or factors. The algorithm will find the
hidden factors that influence the user’'s preference like
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brand of product, price of product and so on for us. Here,
no product description is required, only user’s history is
good. We have a Ratings matrix R that contains users item
ratings. Now the above matrix R is decomposed or factorized
into two smaller matrices P and Q. In first matrix P, is
each row is described by the user’s interest in hidden
factors F1, F2 and F3. In product factor matrix Q, each
column is the product described by the hidden factors.

Iteml Item2 Item3 Itemd ....... ItemD
Userl 4 5 = 3
User2 2 - 3 4 5
User3 3 = & o 2
Userd - = 3 4
Userd 4 5 - 3 <
similarity_matrix.py hosted with % by GitHub view raw
F1 F2. F3 Iteml Item2 Item3 ... ItemD
Userl - F1
User2 - . . X F2
User3 - F3
Userd - - > PRODUCT FACTOR MATRIX(Q)
UserD -

USER FACTOR MATRIX(P)

decomposed_matrix.py hosted with % by GitHub view raw
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Detailed questions

1. Dimensionality reduction, feature
selection and NLP

1.1. Feature selection. Wrapper and embedded
feature selection methods. Recurrent feature
elimination.

Feature selection - npouecc Bbi6bopa Hambonee peneBaHTHbLIX
ény. UcnonbayeTcs MO HECKOJIbKUM MPUYMHAM :

yrnpoueHne Mmopenu Aasi NOHMMaHUs

yCKOpeHne o06y4yeHusa mopenmu

curse of dimensionality

MeHblle oBepoUT

MeToamkun BbiGOpa ¢uy:

e MeTOo4 ¢UNLTPOB - HE 3aBUCUT OT MoAeNnn, O6bIMHO CMOTPUT
NPOCTO Ha KOppenauuio Mmexay ¢uyamm n LeneBou
nepemeHHon, 3¢PeKTUBHO BLIYNCNAETCA, YCTONYMB K
oBepduTy, HO He yunmThiBaeT BO3MOXHYW B3aMMOCBA3b MeXAy
dnyamu.

e wrapper - MmMeTog obepTbiBaHMA - BbLI6GOp NogMHOXecTBa ¢ud,
TPEeHMpOBKa Mofenen Ha 3TUX nogMHoxecTBax. [lpumep:
TpeHMpyeM OTAeNbHO MoAenu Ha Kaxgon ¢ude (noaMHOxXecTBa
pasmepa 1), Bbi6bMpaem fydwyw, MOTOM TPEHUPYEM MOAENN Ha
nyywen n ewe Kaxnon M3 OCTaBWUXCA, CHOBa BbibMpaem, u
TakK Moka He HajoecT.

e embedded - ciwoga BTY oTHocuTCcA L1-perynapusaumsa -
feature selection B pgaHHbIX MeTogax MPOBOAMTCH Kak
YyacTb HENOCpPenCTBEHHOrO MOCTPOEHMA Mogenun. 3a MNpUMMEpOM
Janeko XoAUTb He Hajo - pewawwne aepeBbs BO Bpems
NOCTPOEHMA CaMu CMOTPAT, Kakasa duMya Ha AaHHOM 3Tane
nydwe pasgenseT paTtacerT.
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RFE - cm. Short questions #1.2.

1.2. Principal Component Analysis. Its
connection to SVD. How to select the number
of components.

Cm. Short questions #1.4, #1.5

1.3. NLP. Main text processing steps. Bag of
words, TF-IDF, Latent Semantic Indexing.

Natural Language Processing, o6pa6oTKka eCTeCTBEHHOro f3blKa
- OrpoOMHOE HamnpaB/ieHUe WUCKYCCTBEHHOIr0o MHTENNeKTa,
n3yvamwuee, Kak crieiyeT U3 HasBaHus, 06paboTKy M aHanus
€CTECTBEHHbIX SA3bIKOB.

Moosupabl 1 npunoxeHusa NLP:
MaWWHHLIN MepeBOl TEKCTOB
obobueHne, Krnaccupukauma TEeKCTOB
NOUCK WMHPopMauumn
reHepauusa TeKcTa, npeanoxeHun (B MOMCKOBUKAX)
pacnosHaBaHWe MMEHOBAHHbIX 06bEKTOB (MMeHa,
opraHuMsauuu...)
e crnenn-4ek
e oOOlleHMe C YeNnoBEeKOM, NOoMOolWb, 4YaT-60Thl
Bupgbl/waru npenpoueccuHra:
e TOKEeHM3auumsi no cnoBsam/npennoxeHnsaM/ab3auam/OOKYMeHTaMm
e ucnonb3oBaHne N-rpamm (nognocnegoBaTesIbHOCTEMN
npeanoxeHnsa anuHel N)
e HOpManMsaauusa TekcTa: nemmaTm3aumsa U CTEMMUHI
(Theoretical minimum #17)
e ypaneHune stop-words (npeanoru, cowsbl, ..)

Buaopl/warn HenocpencTBEHHOM 06pPabOTKW:
e BeKTOpM3auums TekcTa c nomoubld bag-of-words
(Theoretical minimum #18)
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e pacyéT TF-IDF gna cnoe TekcTta (Theoretical minimum
#18)
® JlaTEeHTHO-CeMaHTUYeCKUN aHanus

2. Ensemble methods

2.1. Ensemble learning. Use cases. Standard
integration schemes. Blending and Stacking.

Ensemble learning - cm. Theoretical minimum #25.

Real-life use case: korga Mbl MOKynaem, CKaXeM, HOBYH
BMOEOKaMepy, Mbl HEe BEpuM cfieno npopaBLy, a COBeTYyeMcs nepefg
3TUM CO 3HAKOMbIMM, C WHTEPHETOM, U YXe U3 3TUX COBETOB
nenaem BbIBOJ, 4TO B3ATb.

Standard integration schemes:

bagging (Theoretical minimum #25)
boosting (Theoretical minimum #27)
blending (Short questions #3.4)
stacking (Short questions #3.4)

2.2. Ensemble learning. Use cases. Sampling
schemes and random forests.

Ensemble learning, use cases - cMm. Detailed questions #2.1.

Sampling schemes: nonaraw, TyT pedb mageT o crnocobax Bbibopa
NOAMHOXECTB M3 M3Ha4dalbHbIX JaTaceToB [AJIA TPEHUMPOBKM Moaenemn
M aHcamb6bnen. B TakoM cryyae y Hac ecTb clefywuve BapuaHThl:
e Cob6cTBeHHO bagging, Bb6OpP C3MMIIOB C MOBTOPEHUEM
e Random subspaces, Bbo6op U4 BE3 noBTOpeEHMUsA

Random Forest - cMm. Theoretical minimum #26.
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2.3. Ensemble learning. Additive models and
adaboost algorithm. Formulae derivations.

Ensemble learning, use cases - cMm. Detailed questions #2.1.
AppuTUBHbIE MOZEnu - Te MOAEeNU, B KOTOPbIX ¢n4YM He
B3amMmogencTBywT. [lpuMmep: nepBas Moaenb agauvTuBHaAs, BTopasa -
HeT:

Y = ¢+ axy + bxy + error

Y =c+azy + bzs +d(zy x x2) + error

To ecTb, CBOMCTBO agAuMTUBHOCTM BO BTOpon mogenu (f(ab) =
f(a)+f(b)) He paboTaerT.

Pewawuume nepeBbA, Hanpumep, B obluleM criyvyae He ABNAWTCA
aaauTUBHBIMW MOAENAMU, MOTOMY 4UYTO TaM MpPU MOCTPOEHUN GUUM
MCNONb3YylTCA 6€3 MOBTOPEHUN.

Adaboost - apgounTuMBHaAa Mopnenb:

e OTnuyaeTca oT paHgoMmpopecTa TeMm, YTO TaM BCe [epeBbA -
9TO KOpeHb M gBa nucTa, To 6uwb "neHb". [HM MOryT
Mcnonb3oBaTb JiMWb OAHY MEPEMEHHYW ANs Kraccudukauumm,
HO adaboost ucnonb3yeT MHOroO TakKMX MHeW - TO eCTb BCe
3TWU MHM OenawT Molenb agaAnTUBHOMN.

e B oTnuume ot paHpgomdopecTa, rae Kaxgoe OepeBO UMeeT
OJVMHaKOBbLIM rosioc, rosioca nHen B adaboost umelwT
pasnunyHble Beca. 06 3TOM 4YyTb HUXe.

e HakoHeu, B adaboost kaxpgoe nocnepywuee nepeso
MCnonb3yeT OWWMOKW, CcAenaHHbie npeabayuwmm OepeBoM, BO
BpeMs MNOCTPOEeHUs .

Kak pab6oTaeT:
e Kaxpgomy comnny B pgataceTe Ha3Hayaem ewe ogHy o¢uuy -
Bec camnia. WU3HavanbHO OH Yy BCeX OAWHAKOBLIN U paBeH
1/N, roe N - 4yucno coamrioB B paTacerTe.
e Bbibupaem nydwyw ¢u4y pna nepBoro gepeBa, KoTopas nydwe
BCcero nenut pgataceT (cuyuTaem gini index, Ta ¢uua, y
KOTOPOA OH HaWMEHbWWA - HyXHas) .
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CuMTaeM, Ha CKOJIbKMX CaMMiax owubcsi MeHb MNpu
Knaccupmkaumm paTtaceTta. CknagbiBaeM Beca 3TUX CIMMSIOB -
nonyymm o6y OwnoKy .

Wcnonb3yem BOT 3Ty dopmyny:

1 - Total Error

1
Amount of Say = = log(
Total Error

yTOO6bH paccyMTaTb FOJIOC JAHHOMO MHA B UTOMOBOW
Knaccuoukaumm.

Ana cnepywwmx NHEN U3MEHAEM BEC CIMMJIOB Criefylowmm
obpas3oM: fAna Tex CAOMMoB, rae npemblgywum neHb
dakanHynca, M3MeHseM Bec NO nepsou opmyne, pna
OCTasbHbLIX - NO BTOopou. sample weight - npownvin Bec
camnna, amount of say - ronoc npownoro knaccupukaTtopa.

New Sample
Weight

— sample weight x c2mount of say

New Sample _

. — sample weight x ¢~@mount of say
Weight

HopmanuayeMm HoOBble Beca, MOTOMY YTO OHW Tenepb MOryT He
JaBaTb B cymme 1. [lna 3TOro AenuMM Kaxabli HOBbLIN BecC
caMmnaa Ha CyMMy BCeX 3TWUX HOBbIX BECOB A/l BCEX
C3MMJOB.

Wcnonb3yem weighted Gini index, nub6o co3paém HOBbLIM
JaTtaceT, MCNoONb3ysa Beca C3MMJIOB KakK pacnpepfeneHve, TO
ecTb 4YeM 6onblie BeCc CaMmnja, TEM 4Yaue OH BCTpeyaeTcsa B
HOBOM JaTaceTe.

Co3pnaéM HOBbIA MeHb, W TakK MoKa He HajoecT.

WToroBas knaccu¢mkauus: NMPOrOHsIEM COMM 4Yepe3 Kaxabln
KnaccudmMkaTop, CMOTPUM, 4UYTO OHM Bce BbigawT. CknagpiBaem
ronoca (amount of say) knaccupukaTopoB MNo rpynnam B
3aBUCUMOCTM OT TOr0O, KaKOM KNlacC OHM BbiAawT, CMOTPUM



Ha Ty rpynny, y KOTOpPOM CyMMa rofiocoB 6ofbue, 3TO U
6yneT UTOroBbN KNnacc.

Ye nocmoTpeTb:
e https://www.youtube.com/watch?v=LsK-xG1cLYA

2.4. Ensemble learning. Gradient boosting
algorithm. Modification for trees. Partial
dependency plot.

Ensemble learning, use cases - cM. Detailed questions #2.1.
Gradient boosting - cm. Theoretical minimum #27.

Partial dependence plot:

Letx = {:1:,: Egy iy a:p} represent the predictors in 2 model whose prediction function is f (m) IT we partition & into an interest set,
Z, and its compliment, 2, = & 2,, then the “partial dependence” of the response on z, is defined as

fa(25) = E;

f(zs!zr)} = [f(zszzc)pc (zc) dz,

where p, (z,) is the marginal probability density of 2, p, (z,) = [P (&) dz,. The above equation can be estimated from a set of
training data by

fs (‘zﬁ) = lz.ﬁ(-zsszi,n):
=1

n

where z; . (z =gy _.ﬂ,) are the values of z, that occur in the training sample; that is, we average out the effects of all the other
predictors in the model.

Constructing a PDP in practice is rather straightforward. To simplify, let 2; = ; be the predictor variable of interest with unique values
{1:11,:.312, s ,wm}. The partial dependence of the response on &y can be constructed as follows:

- Fori € {1,2,...,k}
1. Copy the training data and replace the original values of £y with the constant ;.
2. Compute the vector of predicted values from the modified copy of the training data.
3. Compute the average prediction to obtain | (z;).

« Plotthe pairs {zy;, f, (zy)}fori=1,2,... .k

Wcnonb3yeTca pna npefckasaHMsa M3MEHEeHUA LiefleBOM MepeMeHHOoM
BCNeAcTBME U3MeHeHusa ¢uum. Mo rpaduky MOXHO MOHATb, KaKoBa
3aBMCUMOCTb Mexay ¢u4en 1M LeneBOM MNepeMeHHOMW - JIMHeWHas,
MOHOTOHHas, 6o0Nnee crnoxHas.
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3. Neural networks

3.1. Definition of feed-forward NN.
Structure. Activation functions. Pitfalls of
NN learning, ways to solve them.

Cm. Short questions #2.1.

Pitfalls:
e HeMpoHKKM paboTawT Kak black boxes, To ecTb Mbl He
3HaeM, 4YTO TBOPUTCHA BHYTPU HUX, KOIrga OHWU BHINJIEBbHBAKT
CBOM pe3ynbTaT, U He MoxeMm (B o6OuWeM criydae) 4TO-JIM6O C
9TUM chenatb U OOGBACHUTb HecBeaywuM NAsM, MoYeMmy
BblLAETCA MMEHHO TakKoW pe3ynbTaT
e curse of dimensionality u TyT pa6oTaeT
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e HeTpuMBMaANbHOCTb nogbopa runepnapameTpoB

3.2. Learning of neural networks.
Backpropagation algorithm. Regularization
techniques.

NannnanH o6bydeHms: forward-propagation -> nogc4yéT nortepb ->
backpropagation.

Backpropagation - cMm. Theoretical minimum #20.

Perynapusauma - L1/L2 (cm. Theoretical minimum #5), dropout
(6uneT Huxe).

3.3. Definition of convolution (filter).
Convolutional NN. Dropout layers. Key specs
and structure.

CBépTKa B MaTeMaTuke - onepauusa, MNpUMEHEHHaa K ABYM
dyHKumamM f 1 g, nopoxpawwas TpeTbl QYHKUMIO, KOTOpas MHoOrga
MOXeT paccMaTpuMBaTbCA KakK Mogu¢uumMpoBaHHas BepcuUsi OOHON U3
nepBoHayasibHbiX. B KOHTeKCTe HEeMpoOHOK CBepTKa - 3TO JIMHEenHas
onepauusi, KoTopas BKJlio4aeT B cebsa yMHOXeHMe Habopa BECOB Ha
BXOJ[, KakK B OObIYHOM HEWPOHKE. YuuTbiBass, 4YTO MeTopq Obin
paspaboTaH ONA OBYMEpPHOro BBOAA, YMHOXEHMe BbLINMOJIHAETCS
MeXOy MaCCMBOM BXOMOHbIX HAaHHbIX U OBYMEPHbIM MAacCMBOM BECOB,
Ha3blBaeMbiM QUNLTPOM UAN AOPOM.

CTpyKTypa KOHBOJIWUMOHOK - Theoretical minimum #21.

Dropout (uckni4yeHne) - TexHWKa perynspusauum HempoHok. CyTb
MeToda 3aKjw4yaeTcsa B TOM, 4YTO B npouecce o6y4yeHuA
BblbMpaeTCcAaA CNOW, M3 KOTOPOro Clly4YanHbiM O06pas3om
BblOpachiBaeTCA OrnpenenéHHoe KOJIMYeCTBO HeMpoHOB (Hanpumep
30%), KOTopble BbIK/IWYATCA U3 AaNbHENWNX BbYUCNEHUN. Takon
Nnpuém ynydwaeT 3¢PeKTUBHOCTb 06YYEHUS U KadecTBO
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pesynbTaTa. bonee o6y4yeHHble HEMPOHbL MOSy4yawT B ceTU 60NbWuin
BecC.
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(a) Standard Neural Net (b) After applying dropout.

4. Clustering

4.1. General idea behind clustering. K-means
algorithm. Key factors. Cluster quality
evaluation.

KnacTtepuHr - Bupg obydyeHusa 6e3 yuuTens, MNOTOMYy 4TO pas3buBky
Ha Knaccbl OOJSIXEH MpoBOAUTb cam anropu¢m. HyxHO, 4YTOO®I
06bEeKTb B OQHOM KnacTepe 6bAn 60Mblie MOXOXM APYr Ha gpyra,
yeM Ha 06beKTbl M3 OPYrux KacTepoB.

K-means - cMm. Theoretical minimum #23

Cluster quality evaluation - cm. Short questions #4.5.
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4.2. General idea behind clustering.
Agglomerative clustering. Lance-Williams
formula. Cluster quality evaluation.

General idea - cm. Detailed questions #4.1.
Agglomerative - cm. Short questions #4.1.

Lance-Williams formula - kak MepxuTb KnacTepbi?:

Lance-Williams Algorithm

s D= {Di,j: distance between x, and X fori,j=1..N}

» for N iterations:
i,j =arg min D,; ... pair of closest clusters
add cluster: i+j, delete clusters i, |
for each remaining cluster k:
Dyisj=;Dy;+ ;D ;+BD;;+y |Dy;- Dyl

Method ai @i B 1
Single linkage 0.5 0.5 0 -0.5
Complete linkage 0.5 0.5 0 0.5
Group average ﬁ'ﬂ—) ey 0 0
Weighted group average 0.5 0.5 0 0
Centroid n.':-'uj — f"J —J-._,-(ﬂl ;“J) 0
ni+n T4+n —n
Ward (n,-‘-n],-l-knk) (n,-:n:,+knk) (n,+n3:-ng.} 0
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p(C; U C;, Cy) = a; - p(C;, Cy) + a; - p(Cj, Cy) + b - p(C;, Cj) + ¢ - |p(Ci, Cx) — p(Cj, Cr)

a; b c
Single link ! 0 -3
Complete link % 0 é
Centroid o Gy 0
Median % — 3—1 0
Group average link s 0 0
Ward’s method s . 0

Ri+nj+ng ni+n j+ny

Cluster quality evaluation - cm. Short questions #4.5.

4.3. General idea behind clustering. DBSCAN.
Cluster quality evaluation.

General idea - cm. Detailed questions #4.1.
DBSCAN - cm. Short questions #4.4.
Cluster quality evaluation - cm. Short questions #4.5.

5. Recommender systems.

5.1. RecSys idea and challenges. User-based
collaborative filtering. Quality evaluation.

Idea and challenges - cm. Short questions #5.1.
User-based collaborative filtering - cm. Short questions
#5.3.

Quality evaluation:
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Measuring Quality

» Ratings accuracy
= MAE, MSE

« Event quality
= F-score, ROC-AUC, PR-AUC
= precision@k, recall@k

« Ranking quality

rel(i
+ DCG@k(u) = Z aten

DCGOk(u
- HDCG@k(H) — i {D{‘,‘Ga’;ﬂki’u]]

5.2. RecSys idea and challenges. Item-based
collaborative filtering. Quality evaluation.

Idea and challenges - cm. Short questions #5.1.
Item-based collaborative filtering - cm. Short questions
#5.4.

Quality evaluation - cm. Detailed questions #5.1.

5.3. RecSys idea and challenges. Latent
Factor Model. Quality evaluation.

Idea and challenges - cm. Short questions #5.1.
Latent Factor Model - cm. Short questions #5.7.
Quality evaluation - cm. Detailed questions #5.1.

5.4. RecSys idea and challenges. SVD based
algorithm. Quality evaluation.
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Idea and challenges - cm. Short questions #5.1.

SVD - cm. Short questions #5.6.
Quality evaluation - cm. Detailed questions #5.1.

Yx 6nAa.
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