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MoTuBauus

e Mup yTonaeTt B AaHHbIX

e /13BfieYb LUEHHOCTb M3 JaHHbIX MOXHO MHOXECTBOM CNocoboB

e OpHu crocob - No3HaTb U NpeackasbiBaTb NPOLECChI/ABEHNd Yepes
OaHHble, UCNOoJIb3yA MaTeMaTUKy U BblYUCIIEHUA

e CTpouTb MOZENU, ONUChLIBaAKOLLME MPOLIECCHI, KOTOPbIE MOXHO

NMPUMEHUTLb K KOHKPETHbLIM laHHbIM OAJ1A4 pelleHNAd KOHKPETHbIX 3ada4
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OunckpnmntaTmBHble VS [[eHepaTUBHbIE MOAENN

Q: EcTb NnpeanoxeHne Ha HEM3BECTHOM SA3blke, 3a4a4a onpeaennTb A3blK

A: ['eHepaTUBHbIN NOAXO4 - BblyYUTb MHOXECTBO S3bIKOB 1 ONpeaesrinTb,
Ha KaKkoM fA3blke OHO HannucaHo, NOTOMY YTO Mbl MOXEM CreHepMpoBaTh

noboe npeanoXXeHne u CpaBHUTb

A: |EI,I/ICKIC)I/IMI/ITaTI/IBHbII‘/JI noaxo - onpeaneinntb JIMHIBUCTUYECKUE Pa3syinyind

Mexay A3blKkaMU oe3s Bbly4BaHNA A3bIKOB



HeonpegeneHHOCTb B MoAenNaAX U AaHHbIX

e HenonHaa nHgopmauyma

e CMewWwwuBaHUA pasHbIX JaTaceToB BMECTe

e 3HaudeHne gucnepcumn Ana oueHKN npenckasaHmd
anropuTMoB MaLUMHHOIO 0By4YeHus

e Llym namepeHus

e HeobxoONMMOCTb BbIYMCNEHNSI OLEHKN

YBEPEHHOCTU ANl NPUHATUS PELLEHWU




[Mpumep: OnpegenunTb No
dooTO BO3pacT YenioBeka

e MHOro M3MeHYMBOCTY B NpeacTaBneHnn
e MHOro wyma Ha n3obpaxeHnsx
e Jliogu cnpaBnaoTca cpeaHe B 9TON 3adade
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[ eHepaTMBHble (BEPOATHOCTHbIE) MOLENN

BepoATHOCTb - A3bIK KOMMYHUKaLMKU Moaeneun
['padbunyeckme mogenun nepenaroT MHopMaLmio
Yyepes N3MeHeHne HeornpeaeneHHoCTn
BbluncneHus c cry4yamHbiMy nepeMeHHbIMU

pa3HbIX TUMOB 3a4al0T MeTa-arnpUopHbIe

pacnpeneneHus
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[ @ayccoBCKMe npouecchl

- WckaTtb B npocTpaHcTBe cny4vyanHbiX OYHKL NN



3ajada perpeccuu

[Mo oby4atoLen BbIbOpKE NOCTPOUTL

Annpokcnmauymio yHKLNK
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[[ayccoBcKne npouecchbl

e BepoaTHocTHaa moaenb 3 | | | |
e Mopgenunpyet pacnpegeneHne QyHKUNN: o IR S T S
o PacnpeneneHune B kaxaom Touke f(x) ~ Normal(m(x), k(x, x)) e N A
o Pacnpenenerue Bcen yHKUNKN: PYHKLUIO MOXHO
NpUBIMKEHHO NpeacTaBUTb Kak 60NbLLION BEKTOP ee
3Ha4YeHU B pasHbIX TOYKaxX (fix,), ..., fixy)) ~ Normal(m, K),
roe m = (m(x]), e m(xN)), K= Ik(xl., xj)l, i,j=1,...,N.
e Annpokcumauus f{x) umeeT BUA;

fix) =X a k(x, x) - MaremaTmyeckoe oxmgaHme 3Ha4yeHUs JOYHKUNK B TOYKE X
Npn YCNOBWUK TOrO, YTO 3adaHbl 3HAa4YEeHUS1 B TOUKax oby4vatolen BbIDOpKM



[ TyOOKKne rayccoBCKMe npoLecchl

f v g - rayccoBckue
npouecchl (CnyyamnHble

(PYHKLMN)

Moxem nn mbl NnoNny4ynTb

NX KOMMO3NLUNKO?

(fog)(x)??

Aa! PesynbTar -
MHorocnonHaga ceTb C
OEeCKOHEYHbIM YNCNOM
HEWPOHOB
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BepodaTHOCTHOE
nporpaMmmMmmpoBaHune

HoBbI cnocob onnckiBaTb MOAENN U NMPOU3BOANTL
OLEHKY BEPOATHOCTEN



MalwumHHoe oby4yeHmne kak BlackBox

NaHHble — " NYENCIOIE B — pe/cka3aHuS

e Yuum KrnaccmdukaTop pasnumyaTb pasHblie pacnpenerieHms
e Knaccudukaumsa nnoxo nogxoauT Ansa nNo3HaHMA CIOXHbIX MPOLECCOB
e BlackBox: CrnoxHo nnmbo HEBO3MOXHO MHTEPNPETUPOBATL MOAESb

e CnoXHO N3BNeYb NHYO NONb3y KPOME NPOCTOro NPUcBaMBaHUA KNaccoB



Knaccudyeckasa ctaTucTtuka

AaHHbIE = 7 ~ " p-3HayeHue

e “Cepas kopobka” - HesiBHble NpPeanosioXKeHUs:

o HopmanbHOCTb NepemMeHHbIX (He paboTaeT Ans 6onbLUMHCTBA CnyYaes)

e Ts»KEeno NsMeHUTb npeanonoxXeHn4d.

® pP-3Ha4YeHme He OYEHb MNMOJ1IE3HO AOJ1A CJTOXKHbIX CllydaeB C CI10KHbIMUA
rmroTe3amn.



BepoAaTHOCTHOE nNporpamMmmupoBaHmne

BepoAaTHOCTHas
nporpamMmma

_

[aHHble —  BepoaTtHocTwn

e KoHCTpynpyem cobCcTBeHHY0 Moaernb B Koae (“‘OTKpbITbIN AWMK”)
e [lpousBoaum aBTOMaTU4YECKUM BbIBOA C nomoLysbto MCMC

e banecoBckun noaxon - BEPOSATHOCTU HA BCEX dTanax, arnpuopHbIe
pacnpegeneHus



[Mpumep

e OueHnTb NapameTpbl HOPMaribHOro
pacnpeaeneHnsa no AaHHbIM
e (OOb6pallaem npouecc reHepayum

JAaHHBbIX C MOMOLLbIO DanecoBa BbiBOAA

p(D|H)p(H)
p(D)

p(H|D) =

D - JJaHHBIE
H - runoresa
p(H | D) - AnocTepuopHoe
pacrnpenejyieHue
p(H) - AnpuopHOe pacrnpenejeHue
p(D[H) - TlpaBmononmobue

p(D) - IoxaszaTesILCTBO

# generate observed data

N = 100

_mu = np.array([10])

_sigma = np.array([2])

y = np.random.normal(_mu, _sigma, N)

niter = 1000
with pm.Model() as model:
# define priors
mu = pm.Uniform('mu', lower=0, upper=100, shape=_mu.shape)
sigma = pm.Uniform('sigma', lower=0, upper=10, shape=_sigma.shape)

# define likelihood
y_obs = pm.Normal('Y_obs', mu=mu, sd=sigma, observed=y)

# inference

start = pm.find_MAP()

step = pm.Slice()

trace = pm.sample(niter, step, start, random_seed=123, progressbar=True)

plt.figure(figsize=(10,4))

plt.subplot(1,2,1);

plt.hist(trace['mu'] [-niter/2:,0], 25, histtype='step');
plt.subplot(1,2,2);
plt.hist(trace['sigma'] [-niter/2:,0], 25, histtype='step');
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MHO>XeCTBO NMPOEKTOB B 3TOMN 00f1acTu
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[ nybokune reHepaTUBHbIE
MOAenu

- Jlydwee 2-x mmposB



BblydeHHble reHepaTop.l
(pacnpeneneHuns)

[‘eHepaTuBHbIe AnBepcarnbHble Cetn (GAN)

BapuaumnoHHble aBTo-koanposwmku (VAE)

AToperpeccuoHHble mogenm (PixelCNN, e.t.c)
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Architecture of DCGAN network Do 8

min max V(D, G) = Exnpp(x) 108 D(T)] + Ezep.(=)[log(l — D(G(2))))-

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k, is a hyperp We used k = 1, the least expensive option, in our
experiments.
for number of training iterations do
for k steps do

© Sample minibatch of m noise samples {z(!), ..., z(™)} from noise prior p,(z).
o Sample minibatch of m examples {z(*), ..., z(™)} from data generating distribution
Pasa(T)-

« Update the discriminator by ascending its stochastic gradient:

Vm% é [logD (=) +10g(1-D(c (z('))))] .

end for
 Sample minibatch of m noise samples {z(!), ..., z(™} from noise prior Pq(2).
o Update the generator by descending its stochastic gradient:

Vo 21 (10 (6 (:): Generated samples (trained on ImageNet)

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-

tumm in our experiments. From: https://openai.com/blog/generative-models/



https://openai.com/blog/generative-models/

Interpretation of Input Parameters

= In the DCGAN paper, it is suggested that the input parameters could use a
semantic structure as in the following example.

Smiling Woman
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http://arxiv.org/abs/1511.06434



[lpenmyLlecTBa N He4OCTATKM

[Mnwochbl:

e CnocobHbI NpeacTaBnATb OYEHb CIIOXHbIE pacnpeaeneHus:
p(z|X) - HenpoHHasa ceTb
e CKpbITble NpeacTaBIEHUS - UHTEPINPETUPYEMBIE

e MOXHO MHTErpupoBaThb C APYrMMM MOAENAMM

MwuHyCbiI:

e CrioXHO oby4yaTb Mo cpaBHEHUIO € 0ObIYHbIMM DNN

e TpebyloT MHOro AaHHbIX

e HyXXHO 3HaTb KaK MHTErpupoBaTh B namnnanH odbpaboTkm AaHHbIX
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http://www.youtube.com/watch?v=lAz5JQTFhXw
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Autonomous driving (becnnnoTHble aBTOMOOUN)
BbiToBasi poboTOTEXHUKA

[MpeackasaHusi B BbICOKO LWYMHbIX cpeaax
(TpenaunHr, oHnanH peknama)

BaHkoBckue n CtpaxoBble ycnyru
ABTOMaTnyeckmum AHanms gaHHbix (AutoML)

== Rolling std 50 day window
= Rolling std 25 day window
- Rolling std 10 day window
W S&P500 absolute returns

Sample architecture A
with probability p

[ |

Trains a child network
The controller (RNN) with architecture
A to get accuracy R

i { J

In the regulation of algorithms, particularly artificial intelligence and its subfield of machine learning, a right to explanation (or right to an Compute gradient of p and
explanation) is a right to be given an explanation for an output of the algorithm. Such rights primarily refer to individual rights to be given scalet:ebgo?-.ttglreprdate
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Right to explanation

From Wikipedia, the free encyclopedia
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