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[MpoBofAMMbIE HaMK yHeDHbIE KypChbl

> BeeaeHue B aHasM3 AaHHbIX;

» DS-noTok;

» Phystech@DataScience (B T.4. maT. ctatuctuka Ha JIPU);
» Mar. cratuctuka Ha PEM®P n PMXD (cemuHapsl);

> [lea kypca B maructpatype kacbeapsl X5 Group;

» Mawunnoe obyyerne B LLIAJ] (4acTnyHo);



OpraHunsayunoHHas nHdopmaums

Tenerpam-6ot

Omiptstats  ds22 bot

Caiit omangel Mipt-stats.gitlab.io
Moura Mipt.stats@yandex.ru

Kadeppa anckpetHoii MaTtemaTuku



Llenn kypca

1. OaTb npeacraenenne ob aHanuse JaHHbIX;
2. ObyunTb 6a30BbLIM UHCTPYMEHTAM aHaNM3a AaHHbIX;

3. PacckasaTb 0 npakTnyeckom cmbicne

0bBLEKTOB TEOPUU BEPOSITHOCTENR;

4. Tlomoyb onpegennTbes ¢ Kadenpoii.

Qupexc

B kypce npegnonaraercs y4actue kadpeapbl aHam3a JaHHbIX:
» [ocTeBble nekuun ot AHaekca;

» Pabota no kypcy yuuTbiBaeTcs npu otbope Ha kadbegpy.



Mnan 3aHATHIA nepsoit YacTu (obsizaTenbHas)

Oarta

5.02

12.02

19.02

26.02

05.03

12.03

Tema

BBe,qul/Ie, UHCTPYMEHTbI

Cbop paHHbIX.
Mogenn gaHHbIx

CamocrosiTesibHasi pabota

Teopusi BeposiTHOCTEV

Ha NMpakTuKe

Jlnneiinas perpeccusi

locTeBas Jiekymns

JlekTop

w

Aepnaiit no A3

Huknta

25.02
Bonkoe
Poman 5.02
Jlornxos
EkaTepuHa

11.03
FOwwuHa
Huknta 18.03
Bonkos



Mnan 3aHATHIA BTOpOI YacTu (bakynbTaTuBHaS)

Oara Tema JlekTop Deanaiin no A3
Petarowyne gepesobs, Huknta

19.03 N 29.03
cnyyalinble neca 4 Bonkos
OcHoBbl cTaTuCTUKN. HukunTa

26.03 . 5.04
CBoricTBa OLEeHOK. 3 Bonkos

2.04 [Be-To TyT KoHTposbHas Ha kacpeapy AL (nHep. nosxe)
Gaviecosckne H

9.04 g 19.04
K1acCnebuKaTopbl 3 Bonkos
Beegenne Butanusa

16.04 3 26.04
B HelipoceTun uxapesa

23.04 locTeBas nekyus



Cuctema oueHVBaHMSA NEPBOV YacTu

Mpasuna:
1. ecnu 1 > 25% u (B < 50% unu C < 20%),
To O = 3+4*N1;

2. ecm J1 > 25% n B = 50% un C > 20%,
10 O = max(3+4*N, 3+B+7*11C).
3. ecan J1 < 25%,
To O = 14+3*T.

0O603HaveHus:

» J1 — pons BbINONHEHUS NErkux 3agaHuii (Ux HeMHoOro);
C — pons BbINONHEHNS CNOXKHBIX 3aAaHnii (X MHOrO);

T— O0oNnsA BbINOJIHEHNA TECTOB;

>

>

» JIC — pons BbINONHEHUS BCEX 3afaHuil (Kpome TecToB);

» B — posist npaBusibHbIX OTBETOB Ha BOMPOCHI B HOTE Ha 3aHATUY;
>

O — nToroBast OLEHKa, OKPYI/ISIETCS BBEPX.



Cuctema oueHVBaHMSA NEPBOV YacTu

Mpasuna:
1. ecnu 1 > 25% u (B < 50% unu C < 20%),
To O = 3+4*N1;

2. ecm J1 > 25% n B = 50% un C > 20%,
10 O = max(3+4*N, 3+B+7*11C).
3. ecan J1 < 25%,
To O = 14+3*T.

CﬂeACTBVIﬂZ ANnAa nonydeHns OueHKU

» ya(3) mocraTouHo BbinonHuTL 33.4% TecTos.
> xop(5) pgoctaToqHo BbINOAHUTL 25.1% nerkux 3agaHuii.
» otn(8) mocraTtouHo BeinoaHuTL 50.1% BCex 3apanuii

n oteeTuTb Ha 50% BONpOCOB.

Ecnn cnucartb: Bce YHAaCTHUKWN CNUCbIBaHUA COAlOT yCTHbIVI 3a4eT.



DS-noTok



DS-noTok

CemecTp |DS-noTok OCHOBHOIi MoToK NMMU
Martemaruyeckas CTaTucTuKa Marematuyeckas CTaTucTuka
MawmnHHoe oGyueHne MawuHHoe oGyueHne
5 Mpakmuka Mpakmuka no Mam. cmamucmuke
OCHOBBI NPUKNAAHOI CTATUCTUKM
Kypc no BbiGopy X 2
Kypc no BbiGopy
BAuckp. cnyy. npouy " Bp pAabl Cnyuyaii
6 anIKI'IEl,qHaﬂ CTaTUCTUKa U aHann3 AaHHbIX
lNpakmuka Kypc no BbiGopy X 3
Kypc no BbiGopy
Kadpegpa AL |Kypc WAL MeTob! NpUKNaHOI CTaTUCTUKN
7l i nogxop B AaHHbIX
7 Kypc no py X2
Mpakmuka
np EVil 3afjauun Y
8 Kypc no py x2
Mpakmuka
lMpumeyarus.

1. Mo OOHUM N TEM XK€ KypCaM JIEKTOPbI pa3Hble.

2. To chakTy NpaKTuKa He SIBASIETCS OTAE/bHbLIM KypPCOB.
3. MonyXupHbIM BblAeNeHbl KypCbl, MO KOTOPbIM 3K3aMeH.
4. B npouecce oby4yeHus nepeiitu B DS-noTok HEBO3MOXHO.



DS-noTok

Yemy mbl yunm

1L

B

B mepy rnybokoe maTemaTnyeckoe noHuMaHme

CTaTUCTUKN N MALUNHHOIoO O6y‘-IeHVIF|.

I'IpmmeHeHme MaTEMATUYECKNUX Mo,u,ene|7| Ha pe€anbHbIX OaHHbIX,

B TOM 4YNCJIE€ Ha pe€aJibHbIX 3aja4ax.

YMeHue cocTaBnaTb NOJIHOUEHHbIE BbIBOAbI.

PeanbHas npaktuka Ha DS-noTtoke

1L
2
3
4
5

PeanbHble npumepbl n3 npakTukuy;

CopesHoBatusi Ha Kaggle;

rOCTeBbIe NEKTOPbI, NPUMEHALWNE aHANIN3 AaHHbIX HA MPAKTUKE;
Pasbop craTeii Ha Temy aHann3a JaHHbIX;

BoHycbl 3a yyacTue B xakaToHax,

COPEBHOBAHNAX MO aHANN3Y AAHHbIX U NPO4YYHO aKTUBHOCTb;



OTbop Ha DS-noTok

Yro Oyaert yuntbiBatbeca?

1. Heobxopgumoe ycnosue:
oueHka He meree oTn(8) no nepeoii YacTn Kypca
"BeefeHune B aHann3 ganueix’ 1 He Meree xop(7) no BTOpoll YacTu.

2. Pabota B cemecTpe no kypcy, rpamoTHoe ocpopmietue [13.

3. OueHka no Teopumn Bep., B MEHbLUEA CTeNeHb — APYrue npeaMeTh.

Y10 HyxHO pgenatb gns otbopa?
1. Tpyantbca B Te4eHne ceMecTpa.
2. B ntoHe nopaTb 3aaBKy.

3. XKpaTb. PesynbtaTthl netom.

DS-notok agantuposan gns MMU. Crygentol KT n UBT moryT nonacts

Ha DS-noTok, HO BO3MOXHa [on. Harpyska u nNpobsieMbl € pacnucaHuem.



Kyaa noiitu?

2 Kypc

BBeJJ,GHI/Ie B aHAJIN3 AdHHbIX

3-4 kypcbl
lllkona aHanmusa
DS-noTok Kadbeppa m
aHann3a JaHHbIX pannbix (LLUAL)

1. Ecnn aHanu3 gaHHbIX UHTEPECEH, TO XOPOLLEe peLLeHUe:

DS-notok + kadbespa aHanW3a AaHHbIX.

2. Ecnn Bblbupaete kacbenpy aHann3a JaHHbIX,

To Kacpeapa pekomeHayet noiitn Ha DS-noTtok.



Y710 Takoe aHaM3 AaHHbIX !



KoMy Hy>XeH aHanu3 faHHbIX

1. "5 maTtemaTuk, NpakTUHECKOE NPUMEHEHNE HE MHTEPECYET .

Ckopee Bcero All He HyxeH,

HO 4aCTO MAaTEMATUKN UM HAYUNHAKOT MHTEPECOBATLCA.

2. "5 mMaTeMaTuk, HO xo4y MPUMEHSTbL CBOW 3HAHWS HA NPaKTUkKe' .

3. "4 nporpamMmucT, n xo4y NUCaTb TONBLKO KO4 .

Ckopee Bcero A/l B nogpobHOCTAX He HyXKeH,
HO CTOWT MOHMMATb, YEM 3aHUMAIOTCS KOJUIErM-aHANUTUKN.

4. "4 nporpammuct, Ho xo4y rs1yboko pa3bupatbcs
B TOHKOCTSIX MaTeMaTUYeCKuXx METOLOB .



Tak 4To, aHaNM3 AAHHbIX
3TO MaTeMaTuKa

NIV MPOrPaMMUpPOBaHME?

[laBaiiTe pasbupatbes...



I_IOCMOTpI/IM Ha NEKUMnM nNo CTaTuCTuUKeE

Kputepuu (Hanomutakue)
Yacro kpuepuii umeer eua S = {T(x) > ¢, },
rae T(X) — cratucruka kputepus
a esibupactca /10 axcnepumenta,

o sbmennerca w3 yenoswn Po(T(X) > c,) < o

S={T(x) > c} S={T(x) <} S={T(x)| > ca}

Mertop bytcTpena
Jran 2.
Mpoueaypy renepaunn esibopox nostoputs B pas:

X = (X XG). 1€ 1< < B.
[anee no kaxaoh ewibopre nocuuTaem Inavenwe cratcrien T,
nony-ms subopry nauenwt T; = T(X). ... Ty = T(X3)

3ran 3.

euiBopry ann Inasennn

OLeHKN, KOTOPaR HaIBaETCH By TCTPENHO OUEHKOI

Hanpumep, GyTcTpentas ouenka AMCTepcHM wmeer ews

(i)
Vi = I -1= T
it (i




I_IOCMOTpI/IM Ha Hay4Hbl€ CTATbN

Mclnnes, L, Healy, J, UMAP: Uniform Manifold Approximation and
Projection for Dimension Reduction, ArXiv e-prints 1802.03426, 2018

‘The choice of maps in Definition [§

P pi =
note that it closely mirrors the work of Carlsson and Memoli in [L{A18orith!

m 2 Constructing a local fuzzy simplicial set

is contained in U/, then g is constant in 13 and hence \/det (g) is constant
an be brought outside the integral. Thus, the volume of 2 is

logical methods for clustering as applied to finite metric spaces. Th
significant since pure isometrics are too strict and do not provide la]
Hom-sets.

In [43] Spivak constructs a pair of adjoint functors, Real and Si
the categories sFuzz and EPMet. These functors are the natural ¢

kan
pe
R

the dassical realization and singular set functors from algebraic top} fs-s.
functor Real is defined in terms of standard fuzzy simplices A, as fs-s
for

Real(AZ,) £ {(m t) €R™ | Yt = ~log(a).ti >
=

function LocALFuz

n, knn-dists ¢ APPROXNEARESTNEIGHBORS(X, 7, 7)
knn-dists[1]
SmooTHKNND1sT(knn-dists, 7, p)

knn-distance

ety « X
ety  {([r,3].0) |y €
ally € knn do

dyyy  max{0, dist(z, y) - p} /o
fs-set, « fs-set, U ([, ], exp(—d.,))

return fs-set

> Distance to nearest neighbor
& Smooth approximator to

/act(g)

/ety /d,‘» Ade" = o

Vietlg) | T2+ 1)

ke 7 is the radius of the ball in the ambient R". If we fix the volume of the
e arrive at the requirement that

1
det(g) = =

. since g is assumed to be diagonal with constant entries we can solve for g

ifi=j

similarly to the classical realization functor | - |. The metric on R|

@

simply inherited from 2"+, A morphism A, — AT, exists only if[Algorith

m 3 Compute the Tactor for distances o

otherwise

is determined by a A morphism o : [n] — [n]. The action of Real

function Sy00THKNND1st(knn-dists, 7, )
Binary search for o such that Y-
retum o

exp(—(knn-dists;

2)/a) = logy(n)

as
9=1
0

fscodesic distance on M under g from p to ¢ (where p,q € B) is defined as

log(b)

(0,m1 Tog(a)

2,)

>

i

‘morphism is given by the map
> m weeer D Te
focaH(0) s i(m)

Suchamap s clearly non-expansive since 0 < a < b < 1 implies that log(h) / log|
1

We then extend this to a general simplicial set X via colimits, defining
Real(X) £ colim Real(AL,)

Since the functor Real preserves colimits, it follows that there exists a righ|
adjoint functor. Again, analogously to the classical case, we find the right adjoint
denoted Sing, is defined for an extended pseudo metric space Y in terms of it
action on the category A x I:

Sing(Y)  ([n]. 0, )) -+ homgpye (Real(AZ,).Y)
For our case we are only interested in finite metric spaces. To correspond witl

this we consider the subcategory of bounded fuzzy simplicial sets Fin-sFuzz. Wi
therefore use the analogous adjoint pair FinReal and FinSing. Formally we d

Figure 5: Visualization of the full 3 million word vectors from the GoogleNews
Jaataset as embedded by UMAP.

5
.2{/ Valelt), et

where (" is the class of smooth curves ¢ on M such that c(a) = p and c(b] .
and ¢ denotes the first derivative of ¢ on M. Given that g is as defined in @ we
see that this can be simplificd to

%mf /D( VEORED)

s
L|:|'f/ (o) ée)la

1

(3)

1
Sz (p.a).

B Proof that FinReal and FinSing are adjoint

‘Theorem 2. The functors FinReal : Fin-sFuzz — FinEPMet and FinSing

inEPMet — Fin-sFuzz form an adjunction with FinReal the left adjoint and

the finite fuzzy realization functor as follows:

FinSing the right adjoint.




I_IOCMOTpI/IM Ha Hay4Hbl€ CTATbN

Diederik P Kingma, Max Welling: Auto-Encoding Variational Bayes,

ArXiv 1312.6114, 2014

22 The variational bound

‘The marginal likel |houd is composed of a sum over the marginal likelihoods of individual datapoints
log p(x(1) =52, logpg(x(®). which can each be rewritten as:

louru(X“’) = Dice (go (2x) [po(zx) + £(0, 4ix) 0
‘The first RHS term is the KL divergence of the approximate from the true posterior. Since this
KL-divergence is non-negative, the second RHS term £(6, ¢: x") is called the (variational) lower
‘bound on the marginal likelihood of datapoint . and can be written as:

L(6. :) i the variational lower bound of the marginal likelihood of datapoint i:

£0.6:x) = [ o) (1 0(x12) + 0w (a) ~ oxap(ai)) s 16
The expectations on the RHS of eqs {T4) and {T6) can obviously be written as a sum of three \sp.nml«.
expectations, of which the second and third component can sometimes be analytically solved, c.
when both pa(x) and g4 (2/x) are Gaussian. For generality we will here assume that cach of hese
is intractable.

logpa(x¥) > £(8, ¢:x") = E, 10 [~ log 4 (z]x) + logpe(x.2) @ Under certain mild conditions outlined in section (see paper) for chosen approximate posteriors
| parameterize conditional samples % ~ g (z/x) as
which canalso be written as: 66/7514825 16510767+ 2 1200932700 .
L(8,¢:xY) = ~Di(qe(2[x")||po(2)) + E,,x 9663966319 §S57¢5321623 2 1559101194 gp(€,x) with €~ ple) an
el §31/365079 6122295433 3 5962832929 and a funct ch that the ol holds:
We want to differentiate and optimize the lower bound £ (6, ¢ix| §708591963 3168442501 1 1994777067 | andafunciion g(e, x) such thatthe following holds
9233251336 51710/53509 5317999106
parameters ¢ and generative parameters 0. However, the gradien| 537616666 66/ 141358 = Criengaiy o
is a bit problematic. The usual (naive) Monte Carlo gradient estif] 4536651899 (342973770 & 1592161352 ) (luzps(x z) +log pe(z) — Iog'mmxr) dz
~ 1yt 1971312823 4582470:53 § 773977739¢
i5: VoEyyo) ()] = By [/ Vo s (@) = 15, | 3321333833 2533379525 § 1830555080 | 0 e | e as
20~ go(aix), hn\gmdxcmemmnmrexmmlsexhlbmvcryhl) 9984974751 154560G798 3 2872510250 | (lopolxls) + logp(s) ~logae(z) ) | o as)
" " 2 gp(ex)
and is impractical for our purposes. 2D lutentspace (b) 5-D latent space (@ 20-D latent space
 approximate posterior g (6):
23 The SGVB estimator and AEVB algorithm [Figure 5: Random samples from learned generative models of MNIST for different dimensionalities =
o ? & B=1hs(¢) with ¢~ p(Q) 19

In this section we introduce a practical estimator of the lower b

of latent space.

parameters. We assume an approximate posterior in the form g
technique can be applied to the case g (z). i.e. where we do not con
variational Bayesian method for inferring a posterior over the param
Under criain mild condions oulined insection)
can reparameterize the random variable Z ~
of an (auxiliary) noise ¢ variable &

for a chosen app}
using a differer

3

7= gole.x) with e~ pfe)
for general strategies for chosing such an approriate

do(€.x). an now form Monte Carlo estimates of expectation}
4,,(z ) as follows:

=

= 1000 50000

-130f

= Wake-sleep (train)
- WakesSleep (test)
— MCEM (train)
- MCEM (test)
— BV (train)
-+ AEVB (test)

Marginal log-fikelihood

R ]
# Training samples evaluated (milions)

.
By (8)] = B[ (aote )] = }Z/(me“’ X

e, choose a prior p(¢) and a function hy(¢) such that the following

46(0) (10g po(X) + log pa(8) — log ge(0)) d6

P(C) (logpa(X) + logpa(6) — log 44(6)) d¢ 20
lo=na(c)

e introduce a shorthand notation f4(x. z. 6):

po(xIz) + logpo(z) — log 4g(alx)) + log pa (0) ~ log 4s(6)  (21)

(T8). the Monte Carlo estimate of the variational lower bound, given

‘We apply this technigue to the variational lower bound (eq. {2)). yielding our generic Stochastic

Gradient Variational Bayes (SGVB) emmmorc (6. ¢ x ") =

S‘l..,,,.,[xk.y 200

(6.

L0, ¢:xY)

Tog o5V |x)

@ix')

where € ~ p(e) and () ~
which are obviously not influenced by @. therefore the estimator can be differentiated wrt. @

O %), hg(c))

L
X)=1 ; Folx".go(e"

P(C). The estimator only depends on sampl

from p(e) and p(c)




I_IOCMOTpI/IM Ha nNpuMeEpbl NCNOJIb30BaAHUA bnbnnoTek

Variational Autoencoders

https://github.com/pyro-ppl/pyro/blob/dev/examples/vae/vae.py

& Copyriant. (c) 2047-2019 Uber Technolagies, Tnc
SPO-License-Tdeatiier: Apache-2.0

saport. argparse

snport. rumpy a5 m
snport zoren
sapart coreh.on a5 mn
iaport visdon

aport p
Saport por.aistrintions 3 aist
1. 21tTrace EL8o, Trac

Fron UEAls anise_cached aport WISTCached as HITS!
From utals anist_cacned saport setup_c
Fron utils vas_plots iaport mist_test_tsne, plot_1Lk, plot_vae_samp

sta_tosders

# darne the PyTorch modu

that paranstorizes the

atstrivution azix)

o)

Ger _inic_(ser, 2_oin, nioden_aie).
Saper()_inae.
# setup the three Linear transfornations
Sef.fet = . Linear(784, hidden din)
Se1.fc21 = nn.Linear (hidden dis, 2 din)
Se1.c22 = n.Linear (hidden s, 2. din)
# satup the non-Linearitios

Sor.sortptus = an.sortplus()

aer orarasetr, x)
ine the foruard computation on the i
4 first shape the mini-batch to have pixels in the righteost
x = xreshape(-1, 784)
then compute the hidden units
hidden = selr.softplus(selr. re1(x))
Foturn a nean vector and a (posLtive) square root cov
en of sizo baten_s1ze x 2_oin
- seir rcu(nmd n
e = toren.exp(se1r. fe22(agen) )
o

¥ dafine the ByTorch module that parameterizes the
# observatson Likelinood p(x1z)
class Decoder(mn.

# defina the PyTorch aodule that paraneterizes the
# observation Likelinood p(x|z)
class Decoder (mnMooute)
t_(se1r, 7_oin, niaden_oin)
Super()_snit_|

setup the o

Se1F.fe1 = . Linear(z_din, hidden_din)
Se1F.fc21 = an.Linear (vidden_din, 781)
# setup the non-Uinear ies
Ser.sortptus = m.sortplus()

o rorwrasens, o0
the’forara conputation on the tarent 7
Firse compute the hidden unics
hidden = sel softplus(sel. fe1(z))
# return the paraneter for the output Bernoutls
sach 15 of size batch size x 7
Toc_teg = toren. sigaota(selr. e
return toc_ing

(hsdeny)

class VAE(mn.Hodule)
by default our Latent s

P —

al
 use 400 hiden units
(501, 2_a1a=55, hidden dL=109, use_cua=Faise)

5 use_cuca:
¢ calling cuta() hare will put a1l the paran
¢ the encader and decodr

s of

tworks 1nto gpu nepory

cetine the moel p(x|2)p(2)
ot st =)
decader with Byro

pyro.sodute("dscoder’
e e, s ctat, - sga(on
up hyperparanetars for prior p(z)
oren. zoros x.shape[o], selr.z_ain, oty o
2_scale = toren.ones(x.snape[3], self.z_din, dtype=x.dtype, de
# sanple fron prior (value Wil be Saspled by quide when comp

. decoder)

# decode the tatent
10c_1mg = self.decoder. farward(z)

# score agatnst actual snages
o T

return toc_ing

# define the quide (i.e. variational distribution) q(zlx)
e quids(senr, x)
# reglster PyTorch nodule “encader” with Byro
Pyro.module("encatder, selr.encoder)
Wit pyro.place("daca”, x.shape(o])
& use the encoger o get the parameters used to derine q(zlx)
2 loc, 7_scale = sel.encoter. foruard(x)
4 sample the latent code 2
pyro.ssmplel

Latent”, aist.lornal(z_loe, z_scale) to_event (1)

# derine & helper function for raconstructing drages
e reconstruct_ing(sel, x):

# encose 1nage x

2t0¢, 2_scate = se1r.encoder(x)

# sample 1n tatent space

2 = aise ormal(z_loc, z_scale).sampie()

decade th i e in tnage space)
toc_ing = sel.decoder(z)
return toc_sng

(note ve donr't

matn(args)
pyro.clear._paras_store()

& setup

# train Loader, tost loader

tratn_loaor, test Loaor = sotup_data Loadors(WIIST, use_cuda=args.c
# setup the vaE

Ve = VA (use_cugasargs. cuda)

& setup the optiniz
atan args = "Lr': args. Learning rate)
optinizar = Adas(adan srgs)

# sotup the aforence atgorithn
100 = I1CTrace £L80() 17 args. it else Trace £L60()
sv1 = SVI(vae.noel, vae.quide, optamizer, loss=eloo)

5 setup visdon for visualizat
4 args.visdon flag

tratnewo = 11
test_etno = 11
# training toop
7o epoch 0 range(args. e

seislaze Loss sccumile

epoch_loss = 0.
# do a training epoch ove
# by the data toader
for . _ in train_toader;
#37 on 6Py put man-t
it args.cuta
X - xcus()
# do EL80 gradient anc
epoch loss = svi.stey

traning tagnost
roratizer.tratn = to(irs
total_spocn_Loss_tratn

£rain_eibo. ppena(total_eg
princ(*(epocn w0a)  avers

57 epoch % args test_freqt
® anstislize loss scct
test to:

# conpute the 1oss ouc
for 1, (x, ) in eume




()

Kakune BoobLe MHCTPYMEHTBI MOTYT NOTPEbOBATHLCS

pandas 1 s W“ matp‘ \,t,lb

O on Yandex gI
PyTorch . CatBoost
o _ 9
& Jupyter m

o~ Numba Plotly



BbiBoa;:
N MaTeMaTuKa

W NPOrpamMmMumnpoBaHune



AHanus gaHHbIX 3TO

npouecc NonckKa 3a KOHOMepHOCTeVI

B AaHHbIX Npn nomMoLin

» CpefCcTB BU3yann3auuun LaHHbIX,

> MaTeMaTnyeckunx METOo0B,

> NporpaMMHbIX anropuTMOE. NckyccTeenHbIi nHTennekt

OTnnuntenbHas ocobeHHOCTb:

HeT YeTKO 3aPUKCMPOBAHHOIrO OTBETA HA KaXK[blli BXOASALMIA ODBEKT.

Y10 MOXHO no4yurtartb:

AHann3 JaHHbIX — OCHOBbI 1 TEPMUHONOTS
https://habr.com/ru/post/352812/

Bcé, uto BaM HyxHO 3HaTb 06 VI — 33 Heckonbko MUHYT
https://habr.com/ru/post/416889/



CpaBHuM 3aga4m

ANropntmbl N CTPYKTYpPbl AAHHbIX
3agaya: paH MaccuB X, HYXKHO €ro OTCOpTMPOBaTh.

PosHo oanH I'IpaBI/IJ'IbeII7I OTBET, MOXXHO

NoNy4NTb C NOMOLLbBIO HETKUX aNFOPUTMOB.

KombuHaTtopuka

3agaqa: Ckonbko umeetcsi cnocobos pasgatb 11 pasHbIxX LBETKOB,

TPEM feByluKaM: Kakoii-To — 5, a octanbHbiM — no 3 ugetka? [OKTY 2019]

PoBHO opuH npaBuabHbIli OTBET.

AHanus gaHHbIX
3agaya: Nimetotcst panuble (X1, y1), ..., (Xn, Yn)-
BoccranoBute no HuUM dpyHkumio f @ x — y.

OcobeHHOCTN: HET HETKOro OTBETA, TpebyeTcs ToNbKO NpubarkeHue,

HO €CTb KPUTEPUUN KaHeECTBA.



[Mpumep — pacnosHaBaHue pyKOMUCHbIX Ludp

Bxoga;:

Oxunpaetcs Ha BbIxoge: 5

Ho kak 4eTko anropuTmMu4ecku onpeaennTs rpaHuly mexay 6 n 87

E—2mnv| 97
—4V|nv|7?



AKTyanbHOCTb B Hay4HOW cpege

Yucno crarteit no 3anpocam B Google Scholar c 2016:
> statistics ~ 2 010 000 cTaTeii

machine learning ~ 1 360 000 cTaTeii

artificial intelligence ~ 595 000 craTeii

neural network ~ 970 000 cTaTei

VvV VvV V

computer vision ~ 854 000 cTarTeii

cratuctuka ~ 60 200 craTeii
MaLmHHoe obyyeHne ~ 15 200 craTeit
UCKYCCTBEHHbIN nHTenekT =~ 16 600 cTaTeii

HeiipoHHble ceTu =~ 16 700 ctaTeli

Y UV YV VAV

KoMnbloTepHoe 3peHne ~ 12 300 cTaTeid



Ob30op 33434 aHanM3a AaHHbIX
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PacnozHabaHue Mopgoiex:
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Mapapokcbl B Mouncke Anpexc

Korpa B Noucke pacTéT nHtepec
K OrypL,am, CHMXXaeTcs A0 3anpocoB
CO CNIOBOM rocyfapcTBO

orypety

%4

/. _al
rocyAapcTso

2014 2015 2016 2017 2018



Mapapokcsbl B Moncke finnexc

Korpa B lNoncke pacTéT MHTepec K TaTy,
CHMXaeTCsl Jos 3anpoCoB CO C/IOBOM CMbIC/

3
o
CMbICn
2014 2015 2016 2017 2018




Mapapokcol B MNoucke Anpexc

Korpa B lNoucke pacTéTt uHTepec
K >KJTbHO, CHAXKAETCS A0S 3anpOoCcoB
CO C/TOBOM MNepcrexkTmea

nepcnekTuea

2014 2015 2016 2017 2018




Mpe3ungenTckue Buibopsl B CLLIA B 1948 T
lappu Tpyman (gemokpatbl) vs. Tomac [bton (pecnybnukanupt)

B Houb Ha ornawenue pesynstaTtos raseta Chicago Tribune

onybankosana 3aronosok: DEWEY DEFEATS TRUMAN

lNMocne 3akpbiTUs YyHaCTKOB raseTa nposesia onpoc, 0b3BoHMB HonbLLOe

yncno usbupaTeneii, Bce NpegBeLLano orywmnTesnsHyto nobegy [dbtou.



[pesngerTckue Boibopbl 8 CLLIA B 1948 T

Cwmetowniica Tpyman, nobeantens sbibopos 1948 roga.

Y10 e nowno He Tak?

B 1948 rogy Tenedon bbin SOCTYNEH TOABLKO JIOASIM OMNPEEsIEHHOro AOCTaTKa
M pefKo BCTpeyascs y jtofeii ¢ Hebonblinm 3apaboTkom.

Bobibopka He yunTbiBasa [OCTATOYHO LWIMPOKUIA nnacT nsbupaTenein TpymaHa,
T.K. KaK NpaBuJIo AeMOKpaTbl UMEIOT BobLLIYIO AOIKO FonocoB cpean begHoro

HaceneHusi, KOTOpbIM TenecdboH B CBOKO oYepesb bbln HeJOCTYMEH.



[Tpumepbl NnpuknagHbix 3aga4

PeKomer,aTeanaﬂ CNCTEMa



PeKomeH,u,aTen bHaA CUCTEMaA

MocraHoBka 3agavu:

CI'IpOEKTI/IpOBaTb peKOMeHAATE/IbHYO CUCTEMY ON1A MY3. caliTa.
Cucrema AOJNIKHA PEKOMEHAOBATL MY3bIKY Ka>XAOMY NOJIb30BaTENHO

B COOTBETCTBNWN C €ro Npegnoy4YTeEHNAMN.

JatHble:

P oueHKM Nosib3oBaTeslell pPasanyHbIM TPeKaMm;

> NpoCaywnBaHNe TPEKOB NONIb30BaTENAMMN.

AHnec Myablka  Toex. anssom, nenomarrens, nonvact Q fnassoe » Mopxactsi  Xawps  Panio
ucnonsutens
David Guetta
Hpasuca crywarensy: Avic, Rihanna, Calin Harris MNpeMbepa
> @ 2577575 @ Q
IMABMOE  TPEKM  AMbOMB  KMUMH  MOXOKME  UHGO
MNpemeepa
Cwmorpers scé > HepagHuii penus P P

TonynspHsie Tpekw

TonbKO HOBWHKMW, NofobpaHHLe
No BaLUMM MPEANCUTEHAAM

O6HosnéH 7 pespansa

Lor)
B oo o -omisua. O 20
l e |




PekomeHnpaTensHas cucrema

Myctb U — MHOXeCTBO TpekoB, | — MHOXeECTBO MoJib30oBaTeseld.

R = (rui)ueu,icr — maTpnua naiikos/npocnyLu. noib30BaTeNsSIMI TPEKOB.

Npes: T — HebonbLuoe MHOXECTBO MHTEPECOB.
P = (ptu)teT,ucy — MaTpnLa NHTEPECOB NOJIL30OBATENEIA.

Q = (gti)teT,ic) — MaTpULLA COOTBETCTBUS TPEKOB MHTEPECAM.
Ecnan BennumHbl py, U gy HEOTPULATENbHBI, TO UX MOXHO HOPMUPOBATh
no TemMam, I'IOJ'Iy‘-II/IB BEPOATHOCTN:

> peu /> 7 Pru = P(nonb3osatento u nxtepecto t),

> Gii /Zter q:i = P(Tpek i cootBetcTByerT t).



PekomeHnpaTensHas cucrema

HEOTpM uaTtesibHbleé MaTpU4YHble pa3/10>KeHusA

Pewaem noouepenHo gna Kaxxgoii t.

T 2 .
IRe =Pl ae” — min pt_<qth:>+
p: =0 q:q:
T 2 .
IRe—piall” —min qt_<ptre{>+
PtPt

qg: =0

Y710 HY>XHO NOMHUTbL NpU peanusauuun
» [lonb3oBaTeneli U TPEKOB MUJINOHbI;

» MaTpuua R cnnbHO paspexxeHa — NalikoB OY€Hb Masiasi 4OJIS.



[Tpumepbl NnpuknagHbix 3aga4

M POOYKTOBAA aHAJINTUKA



[NponykToBasi aHanUTMKa

MpeacraBbTe, 4TO Bbl MPOAYKTOBLIA aHANNTUK B POTOPEAAKTOPE.

Bbl Bcerga xotute, 4TobbI NPOAYKT npuHocua bonbLue AeHer.

PeanbHbii BONpoc:

NoJIb30BaTE/IM KaKOW CTpaHbl NaaTaT bonbe?




[NponykToBasi aHanUTMKa

MocraHoBka 3agaun:

OkasblBaeT An cTpaHa nofib3osaTens BausHue Ha ero LifeTime Value?

LifeTime Value — goxopn, KoTopblii npuHec nosib3oBaTesb

33 BCe BPEMS XKU3HUN B NPOAYKTE.

Hatntble:
> cTpaHa noab3oBaTens — akTop;

» LifeTime Value kaxgoro nonb3osaTens.



[NpoaykToBas aHaNMTUKA

Pewenue 3apaun:

OpaHodakTopHbI gucnepcrorHblili aHanus u Post-Hoc ananus.

r£||aHHI>Ie METOAbl MOMOratOT NOHATb KaKNE 3HAYEHUNA cbaKTopa BNAKOT

Ha nccnegyemMyto BeJIMHNHYy N Kak MUMEHHO.
T.e., MO>XHO Y3HATb, NOJIb30BATENN KAKUX CTPaH NNaTaAT bonbLue.

Kak e BbIrnsgaT stu metonbl?



OpaHodaKTOpHbI ANCNEPCUOHHBIVE aHaNN3

Hesasucumbie Bbibopku

—_—
Xij = n+ B+,
L 2 F=1, ;1 — Homep HaBnIonEHNA B BLGODKE
Xu | X =11, ek —tiomep BuiBopin
Xar | Xa2
11 — Hew3secTHoe obuiee cpeanee
f3j — newssecTHbili 3cpchekT BO3AEHCTENA
X1 | X2 dhakTopa A j- ExiBOpKM
£ — Cayvaiinas ownbKa
Mpepnonoxenne:
Eij
Ho: i1 = oo = pix vs. Hy: Jjajo Ty # prjy

OLLSHKa KOHTpacTa

Mycts H,s oTBepraetcs = oueHusaem KOHTPACT Ay = fi, — [is.

Vis = med{ Xy — Xis,i = L.y, j = 1..n} — nepewnan ougHka
W, =% neVis, rae Vi, =0
=)

A = W, — W, — yTouHEHHas OLeHKa KOHTPACTa

Caoiictea:
1. Mepeusnbie ouenki MoryT 6iTs Hecornacosasimu: Via 7 Viz + Vi
2. VTONHEHHBIE OUEHKU COTNACOBAHBI 1 COCTOATENbHSI.

3. VTOuHeHHBIE OUEHKN 33BUCAT OT BCeX BbIBOPOK.

,ﬂl’lﬂ NPUMEHEHNA AAHHbIX METOAOB HY>XHO 3HATb

Teopuro BepORTHOCTeﬁ N MmaTemMmaTn4eCcKyro CTaTUCTuky.



PesynbtaT

Tenepb Mbl 3HAEM, B KaKoOW CTpaHe 3aBECTU MAPKETUHIOBYHO KamnaHuto!

Mebl nprHecnn KOMNaHUM AeHbru, Mbl Mooaub!!




[Tpumepbl NnpuknagHbix 3aga4

CuHTes peun



CuHTe3 peun

Y10 Takoe 3ByK?

3BykK
BonHa

Amplitude
)

15 20 25 30 35 40

0 5 10
Time (ms)

3ByK — KOMNO3nuunsa BOJNIH C Pa3HbIMU aMNANTydamMmn n Y4acTOTOIA.

BonHa — nepuoguy. d-us, umerowas aMmnanTyay, NePUOL U YacToTy.



CuHTes peun

Kak paboTtatb co 3Bykom?
nOCMOTpI/IM Ha pacnpegeneHne 4acCTtoT BOJNIH B 3BYKE.

[ns aToro npuMeHsieTcs aucKkpetTHoe npeobpasosaHue Pypoe:

N i2m NS 2 27
X = E X, - e Fkn — E Xn [cos (Wkn) — isin (Wkn)
n=0 n=0

T T T T T T

NFreq)]
T
L

Freq (Hz)

Mpumep ansa 3Byka U3 ABYX BOJH



CuHTes peun

Kak paboTtatb co 3Bykom?
V pesynbrata npeobpasosaHus Pypbe KO BCEM AaHHLIM HET BPEMEHMN.

MNMocunTaem pacnpefeneHne Ha OKHax U3 3BYKa.

CnekTorpamma

OkHa

iy
“'I|\| M‘;. ‘,Iltl | ||,||, ,Mh -,H | l‘

HARINEI @ -10ms

—, @
=l
=

> Bepem maneHbkine okHa (20-25 MC) OT MCXOAHBIX AaHHbIX.

« FREQUENCY »

» K ka)kgoMy oKHy npumeHsieMm npeobpasosanusi Pypoe.

» Crakaem pacnpeneneHnsa 4aCctot BMeECTe, NoNyHaeM CNEKTpOrpamMmmy.



CuHTe3 peun

MocraHoBKa 3aga4n cuHTE3a peun

,Drl'lﬂ BBEAEHHOIro NONY4UTb COOTBETCTBYlOLLEE ayano.

Opyrue 3aga4yn, cBsizaHHble CO 3BYKOM:

>

| 2

OnpeaennTb, Bblna v pedb Ha 3anucu.

CnoTTep — pacnosHaBaHue onpeaeneHHol gpasbi
UM ONpPefEsIEHHOro CobbITUS.

Hanpumep, “Ok, Google”, "Anunca” nnn onpegenenmne BbicTpena.

VgeHTndrkaums roBopsilero nan ero npusHakos.

Hanpumep, MyxunHa/>keHwmnHa, pebeHoK /B3pocblii.

PacnosHaBaHune peun

o ayauno BepHyTb MONIHYIO €ro pacLunhpoBKy B BUZY TEKCTA.



CuHTe3 peun

1. AkycTnyeckasi Mofenb No TEKCTY

NPEeACKA3bIBAET MEN-CNEKTOrpaMMmy.

AKyCTu4YecKasi Mofeslb — 3TO KaKasi-TO HelipoceTb.

2. Bokogep no men-cnektorpamme npenckasbiBaeT ayauo.
BOKOAep MOXET 6bITb KakK aaropuTmMom, Tak n Hel?’IpOCGTb}O.

HeKOTOpre N3BECTHbIE BOKOAEPLI NCNOJIL3YIOT baiiecosckue METOoAbI.

| — - -

AkycTuyeckas
MOAEAb

Tekct



[Tpumepbl NnpuknagHbix 3aga4

[ne ewe?



BecnunoTHble aBTOMObBUAN

Panxun poBaHNe pe3ynbTaToB

B NMONCKOBOW CuUcTeme

Mouck no KapTUHKaM n BUAEO

Ha OCHOBE CoAepXKaHusi
Pacnosnasanue cnama/dpoga
MporHos norogpl

[MpoknapbiBaHne MapLipyToB

B HaBMraTopax
Al-kamepbl B TenedoHax

[eHepauma kapTuH

NoJobHO XyLoXKHMKaM
OnsiaTa npoesga B METPO B3MSIAOM
PeweHne o sbigaue kpegnta

lMepcoHanuaupoBaHHasi peknama

Onpep,eneHme APUHYUNH OTTOKA KJIMEHTOB
MporHo3umposaHne cnpoca Ha ToBap

Onpe,qeneHVle MECTOPACNO/IOKEHNA

HOBOII TOProBOW TOYKU
PacctaHoBka nonok B marasmHax

AsToon peneneHne CBeEXXeECTun

TOBApPOB B Mara3mHax

PacnosnasaHue natonoruii

Ha MeEANUNHCKNX CHUMKaX
nepCOHaﬂVBVIpOBaHHaFI MeANLNHa

MporHosmposaHne nNosoMok

obopyzoBaHus

ABTomMaTun4eckass cucrema
ONTVMMaNbLHOrO yNpaBJ/ieHns

obopygosaHuem






