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[eHepaTuBHbIE MOAENN

o Vmeetcs obyqatowas BbIbopKa X ~ Pgata(X)
@ Tpebyercs nocTpouTs MOAENb AS FeHepaLun HOBONA
BbIBOPKU: X ~ Pmodel (X)

° an' 3TOM Pmodel =~ Pdata

PI/IC.: X ~ Pdata — X~ Pmodel
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Generative adversarial nogxop,

o Vrpa mexay ABYMSsi urpokamu:
© Tlenepatop G
@ HduckpumunaTtop D
@ D yyntca pasnnyatb:
© [anHble n3 obyyvatoweli BbIbOpKN
@ [aHHble creHepupoBaHHble G
o [enepaTop yunTcs "obmaHbiBaTh" guCKpUMuUHaTOpP, reHepupys
JaHHbIE, KOTOPbIE TSXKENO OTANYNTL OT AAHHBIX U3
oby4atowein BoIBOPKN
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GAN framework

D tries to D tries to
output 1 output 0

Differentiable Differentiable
function D function D

x sampled x sampled

from data from model

Differentiable
function G

Input noise
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Llenesasi pyHKLMS 1 anropntm

min max V(D, 6) = Exvp,,,, (x) (106 D(X)]+Ezp, (z) [log(1-D(6(2)))]

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

o Sample minibatch of m noise samples {z(1), ..., z(m)} from noise prior p,(2).
o Sample minibatch of m examples {1, ..., (™} from data generating distribution
Pdata(T)-

o Update the discriminator by ascending its stochastic gradient:

viz [log D (29) + 1oz (1 - D ( (=)))].

end for
 Sample minibatch of 7 noise samples {z(1), ..., z(m)} from noise prior p,(z).
e Update the generator by descending its stochastic gradient:

Vo s (1- 0 (6 (=)

end for
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[Mpouecc oby4yerns GAN

po(data) Data distribution
l / Model distribution

Poorly fit model
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[Mpouecc oby4yerns GAN

po(data) Data distribution
l / Model distribution

YA

>/

Poorly fit model ~ After updating D
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[Mpouecc oby4yerns GAN

po(data) Data distribution
l / Model distribution

LN

I I 7

Poorly fit model After updating D After updating G
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[Mpouecc oby4yerns GAN

po(data) Data distribution
l / Model distribution

b8y

T

T I 7% 7

Poorly fit model After updating D After updating G~ Mixed strategy
equilibrium
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[Mpumepsl

CIFAR 10 (fully connected) ~ CIFAR-10 (convolutional)
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PekyppeHTHble HEllpOHHble CeTH

ht = O'(XtWX + htf]_Wh + b)

® & ® ®
= [A{A{A]——A]
(%)

Puc.: PaseepHyTasi pekyppeHTas ceTb
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[eHepauma AUCKPETHbIX NOCAeA0BaTENBLHOCTEN C NOMOLLLIO

RNN

P(next
letter)

Prev \ [ next
RNN —| fom | —» . RNN
state / hidden \ state
/,f \ / \
RNN
from
input
Embedding
input
letter
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Kak TpeHuposaTs RNN n reHepupoBaTb HOBble

nocnegoBaTENbHOCTN

@ Kak TpeHnpoBaThb:
e MeTog obpaTHOro pacnpocTpaHeHust oK
o DyHkums owmbkm — KPOCC-3HTPONUS
e SGD
o Kak reHepupoBaThb:
o B kayecTBe x; nofaem Ha BXOZ CUMBOJI Cr€HEPUPOBAHHbIN Ha

ware t — 1.
TR XX ,
Q d . Qp > Hidden
A ARX [ \AX [
OO O/C OO Input
T-1 T T+1
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[pumepbl creHeprpoBaHHbIX TEKCTOB

Trained on Wikipedia...

The meaning of life is the tradition of the ancient human reproduction: it is less favorable to the good
boy for when to remove her bigger. In the show's agreement unanimously resurfaced. The wild
pasteured with consistent street forests were incorporated by the 15th century BE. In 1996 the
primary rapford undergoes an effort that the reserve conditioning, written into Jewish cities,

sleepers to incorporate the .St Eurasia that activates the population. Mar??a Nationale, Kelli, Zedlat-
Dukastoe, Florendon, Ptu’s thought is. To adapt in most parts of North America, the dynamic

fairy Dan please believes, the free speech are much related to the

And the Machine Learning Corpus...

Recurrent network with the Stiefel information for logistic regression methods Along with either of
the algorithms previously (two or more skewprecision) is more similar to the model with the same
average mismatched graph. Though this task is to be studied under the reward transform, such as (c)
and (C) from the training set, based on target activities for articles a ? 2(6) and (4.3). The

PHDPic (PDB) matrix of caviva using the three relevant information contains for tieming
measurements. Moreover, because of the therap tor, the aim is to improve the score to the best
patch randomly, but for each initially four data sets. As shown in Figure 11, it is more than 100 steps,
we used ?? nto ninfty with 1000
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[pumepbl creHeprpoBaHHbIX TEKCTOB

The New World Order

seed = u"Kaxgpiii Yenosek monxeH" #if you are using non-russian text corpora, use seed in it's language inst
ead

sampling_fun = proportional_sample_fun

result_length = 360

generate_sample(sampling_fun,seed,result_length)

axpaplit Yenosek AONKEH, KOXeTa oopucne; KOMOProBNAEHHbIX ANA CYAOM 3a NOCTaHyCTW B AWUENb NepeaaHna coweil npoa
ON BpeMeHHOe Ha HeAeiCTBUM PacCMUNOHYUTENb €ro UCKaeTCA OTBETCTBUMECKUX UL BpeMy O6beKTEpCOMUHEHUAX UchonMe
HAKTCA OCHEro HaNOCTOA WCMOMHEHME C TaKoii: 1KapuUTenbHOMY Npefonpede/eHMe OpraHaMu B 3aKOHO obecrneyeHHyi aen

seed = u"B cny4ae HenosUHOBeHUA"
sampling_fun = proportional_sample_fun
result_length = 300

generate_sample(sampling_fun,seed,result_length)

cny4ae HenosUHOBEHUS O npoussoacTse. lpunue, BAejeHWe NPUBOAUTL B YNEPeTCTBUM YNeHaxau nuua (nopTasko skcn

OpTHbIX cpeacTs, obuwecTsa, no peanspa ap , B 06CTaHTHl 06A3aH NMepeAaTb KOMOpy Hepee U3bATUA 6
e3 noMelwaweHun, 3amecTe obecnedqeH - OT NpoxMsax 6e3 A0 NPUHATUA AEHCTBMIO MOMEWeHWId, a Takxe NMpW YAOBOCTPaHH
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GAN gns reHepaunm ANCKPETHBIX AaHHbIX

D tries to D tries to
output 1 output 0

Differentiable Differentiable
function D function D

x sampled x sampled

from data from model

Differentiable
function G

Input noise
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SeqGAN un REINFORCE anroputm

o [lpobnema:

o Buixop renepaTtopa Heguddeperympyem

o Vpes: paccmaTtpusaem Adversarial npouecc ¢ nozuumn
Reinforcement Learning

lenepatop — RL arenT

CocTosiHue — Tekylasi CreHepupoBaHHasi NOC/IEROBATENbHOCTb
[JeiicTBue — creHepmpoBaTh 371€MEHT MOC/IE[OBATENILHOCTY
JOunckpnmunatop Ha3HayaeTt areHTty reward
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REINFRCE anroputwm

Leneeas dyHkuus:

J(0) = Z pelarr)R(arr) =

ay.p AT

3

Eal:T’”Pa '?’((lef) -
t=1

T
Ealwpo(m)EﬁzNPa(ﬁzlal) s 'ERTNPG(GT\R1:(T_1)J § :r(al:t)
t=1

roe A — 3TO MHOXECTBO BCE€X BO3MOXXHHbIX I'IOCﬂe,D'OBaTEJ'IbHOCTEM,
aj.T — nocnegosatensHocTb, R(ar.1) — reward 3a
nocneoBaTENbHOCTb a1-T.
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Algorithm 1 Sequence Generative Adversarial Nets

Require: generator policy Gg: roll-out policy Gg: discriminator
D: asequence dataset S = {X .7}

1: Initialize G, Dy with random weights €, ¢.

2: Pre-train Gp using MLE on §

3 B0

4: Generate negative samples using G for training Dy
5: Pre-train Dy via minimizing the cross entropy

6: repeat

7:  for g-steps do

8: Generate a sequence Yi.7 = (y1,.. ., yr) ~ Gy
9: fortinl:T do
10: Compute Q(a = y:8 = Y1.4-1)
11 end for
12: Update generator parameters via policy gradient
13:  end for
14:  for d-steps do
15: Use current G to generate negative examples and com-

bine with given positive examples &

16: Train discriminator D, for k epochs
17:  end for
18: g« 4

19: until SeqGAN converges
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[MpnnoxeHunsi B xeMOMHMOPMaTIKE

SMILES strings:

1 cce(ciceceeiscice(0)c(N)e2¢(CC2=CiNelccccclC(CCelccccel)cleccccl)N(=0)=0)clcccol
CC(C)N(C(C)C)elee(C)ec(cl)C1=CcCccel
CCOC(=0)clnnc(SCC(=0)NC2COCCNC2c3cccece3-c2nnl-clececcccl)C2CCCOcleccce(C)cl0
Brclcce2ne(-c3cce(Cl)ce3)c[n+](NC(=0)cdcce (F)ce3)cc2C1=0
Brelcce2ne(-c3cee(Cl)ce3)c[n+](NC(=0)c4ccc(F)ce3)cc2C1=0NC(=0)clsccelC(=0)NC1CC2(0C1(C)C)clecesl
CCclcc(cenl)C1CC(CN1cleccceelS(=0)(=0)clccececl)clecccclc
C(=0)CCelc(C)c(OC(F) (F)F)cc-c10CCCelcccccl
ONC(=0)CCclc(C)c(OC(F)(F)F)cc-c10CCCclecccclCN(Celeeccecel)C(CCelecceclF)C(=0)0C
COc1ccc2C3CN(C(C)CC3)C(=0)Cel2
10 €c(C)(CO)Neinc(C)c(nel-clcec(ccl)S(F) (F)-clecee(Cl)ccl)C(F)(F)F
0=C1Nc2sccc2-c2[nH]cc2c1Cl
2 0=C1Nc2sccc2-c2[nH]ce2c1CINCICCe2ece (NC(=0)Ne3cee (NC(=0)cdnc (NCCCNACCCCS)ce5)ccd)ccc2C(F) (F)F3
13 FC(F)(N1CCOCC1)cinc2ccc(Ne3ncacccccd[nH]3)cen2l
FC(F)(N1ccocC1l)clinc2ccc(Ne3ncdcceceed[nH]3)cen21CN(C)cleece(cel)C(=0)NCelncesl
5 COclece2ne(cec2n1)N1CC(CO)C(0)C10
COclccc2ne(cee2n1)NICC(CO)C(0)C10C0cicce(c(F)el)-clcc2CCN(C)c2c(C)clCH#N
7 Celeecee(C)ec1CNS(=0)(=0)clcecc(0C2CC3CCCC23)ccl
Ceclccec(C)c1CNS(=0) (=0)clcecc(0C2CC3CCCC23)cclCNeclccccclCNeleccc2e(N)nnc2c2c1C#Celecc(Cl)ccl
cc(C)Nelnce(nn1)-clc(oc2cce(0)ce12)-clenc(nnl)-clececel
CC(C)Nelnce(nnl)-clc(oc2ccc(0)cecl2)-clenc(nnl)-clecccclCC(=NNC(=0)clcccccl)clecc2[nH]nc(C)c2cl
21 0CC1=CN(C2CC2)C(C1)C1CCc2col
2 0CC1=CN(C€2CC2)C(C€1)C1CCC2COICN(C)CCOcle(C(=0)N2CCCCC2)c(CO)n1CCCo
€C1=CC(0C(C)=0)0C2C=C(C=C(C)C12)#Cclc(C)cc(C)ecclC
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[MpnnoxeHunsi B xeMOMHMOPMaTIKE

e <10 2 I
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o lan J. Goodfellow et al. Generative Adversarial Networks
arXiv:1406.2661

e lan J. Goodfellow et al.
http://www.cs.toronto.edu/ dtarlow/pos14/talks/goodfellow.pdf

o llya Sutskever et al.
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@ Lantao Yu et al. SeqGAN: Sequence Generative Adversarial
Nets with Policy Gradient arXiv:1609.05473

@ Wojciech Zaremba et al. Reinforcement Learning Neural
Turing Machines arXiv:1505.00521
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