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Dashboard

Completed = Swag = 215 teams

Dogs vs. Cats

Wed 25 Sep 2013 - 5at 1 Feb 2014 (B months ago)

Private Leaderboard - Dogs vs. Cats

This competition has completed. This leaderboard reflects the final standings.

# Alw Team Name *inthe maney Score @  Entries
Pierre Sermanet * 0.98914 5

2 126 orchid * 0.98309 17
Owen 0.98171 15

4 «w Paul Covington 0.98171 3

3 3 Maxim Milakov 0.98137 24

0.989%“ = 0.875
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ASIRRA

After 8 years of operation, Asirra is shutting

down effective October 1, 2014. Thank you to
all of our users!
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CBepTOUHasa HenpoceTb
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Onepayuun (caou):
* 0606ueHHbIe CBEPTKM
*  MaKC-MYJINHF
*  NO3/IEMEHTHbIE HEJIMHENHOCTHU
*  YMHOXEHMe Ha MaTpuLy («MOJHOCBA3HbIN C/I0MN»)
/1Ba TUNa nepeMeHHbIX:
*  Akmusayuu («KapTbl», KHEUPOHbI», «NpPeACTaBJAEHMNEY.
* [lapamempbi cn10€8 («PUNBTPbI», «AAPaA»)
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ObpamHoe pacnpocmpaHeHue

Jo A3 T 42 J2_dx3T )2

—_—

fn dws dx® dxE A A

JXZT’ ﬂf% & ) %XZT%Z

oW yﬂ;\/; I;{;\ ngi dx* ox=
{

—— _
—_—




O6yueHue obpaTHbIM pacnpoCcTpaHEeHUEM

Layer 6 Layer 7

Onepayuun (caou):

Leibnitz: A 06061 eHHbIe CBEPTKU

(fog)(x) =g (x) f(g9(z)) NO3/1eMeHTHbIe HeIMHENHOCTU
YMHOXEeHMe Ha MaTpuLy
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OnpeaeneHue HOBbIX C/I0€B

Kaxxabiy caom onpegiesnercs:
* MpPAMbIM PacnpocTpaHeHuem: - — - (%)
* 0bpaTHbIM pacnpocTpaHeHNEM:

oz _ dy', d=z f
dx  dx gy dw g AY
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OOI1 u rnybokoe obyueHune

abstract class Layer §
params w,dzdw;
virtual y = forward(x);
virtual dzdx = backward(dzdy, x,y);
// should compute dzdw as well

void update (tau) {
w = w+tau*dzdw;

5

5

Ha npakTunke Hy>XHO MCMO1b30BaTb BEKTOPHbIE U
MaTPUYHble onepaLum
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O606uweHHan cBepTKa
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* JlokanbHO-IMHeNHOoe npeobpa3oBaHme
* «CaMbIM BaXHbIM» C/IOM B KOMMNbIOTEPHOM
3pEHUN
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CBepTOUHasa HenpoceTb
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2012: Image-net
14,197,122 U306pakeHunH,

21841 K/1aCCOB

IMJAGENET
www.image-net.org

\ %4
Statistics of high level categories (6 Ofl b LIJ e M
_ | : , : — : | :
High level category (s?l’;::::;gories) s;fsetlmages ik Total # images LI a CT b I'O p a 6 OTa

amphibian 94 591 56K

ranimal | 3822 732 | 2799K M A eT C
appliance 51 1164 59K
bird ‘856 ‘949 ‘812K noAMHO)KeCTBOM
covering | 046 819 774K | 1000X1000)
device 2386 675 1610K
fabric | 262 | 690 | 181K |
| fish | 566 | 494 | 280K
flower | 462 | 735 339K
| food | 1495 | 670 | 1001K
fruit | 309 | 607 | 188K
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Image-net
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Image-net
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Flying lemur, flying cat, colugo 45 6109% &)

Arboreal nocturnal mammal of southeast Asia and the Philippines resembling a lemur and having a fold of skin on each side pictures ﬁgfgéanftﬂl; ;E"':m“'ﬂ
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Tekyuiee cocTossHUe

Image classification

o
Lo

o
ho

Classification error
=

T

* [lpakTnyeckun AOCTUTHYT YPOBEHb MO3ra
B 3a4,a4€ KJacCMPUKaLUA
(u30bparkeHne -> MeTKa KJ1acca)

* MeTka Knacca -> U3obpaxeHue = ?

=
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CuHTe3 yepes noacyet npoobpasos
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[Mahendrahan & Vedaldi CVPR15]
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CuHTe3 yepes nogcyet npoobpasos

X o[ Pe) = PL 0 RO

[Mahendrahan & -
Vedaldi CVPRag]
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Generating imaqes by Invertinc

[Mahendrahan &
Vedaldi CVPRag]
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[Szegedy, Zaremba, Sutskever, Bruna, Erhan, Goodfellow, Fergus 2014]
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CUHTE3 NAN3UN A1 HeUPOCeTH
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[Szegedy, Zaremba, Sutskever, Bruna, Erhan, Goodfellow, Fergus 2014]
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CToXxacTnyeckmMm rpagmMeHTHbIU CNYCK

v[t] = —aft] V(E, w[t])
w[t+1] = w[t] + V[t]

c(4)
raec V ( g/ L/ [JC:D = ﬁif[/\/ J/ ) EJL}

* i(t) 0bbIYHO COOTBETCTBYET C/AYYANHOM
nepecTaHoBKe AaHHbIX

* OAVH Npoxoa nNo BceM AaHHbIM OBbIYHO
Ha3blBAETCSA 3noxou
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Stochastic gradient descent (SGD)

v[t] = —aft] V(E, w[t])
w(lt+1] = w[t] + v[t]
* OAavH Npoxoa nNo BCeM AaHHbIM OBbIYHO
Ha3bIBaeTCHa 3noxou
* [lonynapHbiv BbibOp gns aft]:
* KOHCTaHTa, Hanp. a[t] = 0.0001
* KyCO4YHO-NOCTOSAHHbIN, Hanp. o[t]
CHUXAaeTcs B 10 pa3 Kaxable N anox
* rapMoHu4yeckoe, Hanp. aft] =0.001/

([t/N]+10)
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[lakeTHbIU rpagUeHTHbIN CNYCK

Fpa,u,meHT v
%W W =t &/{W

[lakeTHbIN rPaANEHTHbIN CMTyCK:

AL _ Zz/f(x Yy W)
A
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[TpUUMHbBI ANA NaKeTUpOBaHUA?

AL _ 4 Al (x,, Yy
i, %y/w

* MeHee WwymMHada annpokcnMmayus,
«ayde» CXoanmMocTb

* [haBHad NpUYMHaA: Napaanenmsm
COBPEMEHHbIX apXUTEKTYP
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[MpobaemMbl CTOXacTU4YeCKOro cnycka

* ..MPUMEPHO Te Xe, YTO Y FrPaLMNEHTHOr0 CNyCcKa
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YayyweHue CI'C c nomMoLwbio MOMEHTaA
* ...HAaNOMUWHAaET CONpPAXEHHbIE TPaANEHTDI

(KOMBMHMPYEM rpaameHT 1 npeablgyLee
HanpasJ/ieHue):

v[t] = —aft] V(E, w[t])
w([t+1] = w[t] + v[t]

¥

v[t+1] = pnv[t] —aft] V( E, w[t])
w[t+1] = w[t] + v[t+1]

TnnnyHoe 3HayeHne U =0.9
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CKob3sillee 3KCMNOHEeHMNLMaIbHOE OKHO

v[t+1] = pv[t]—a[t] V (E, w[t])
w(lt+1] = w[t] + v[t+1]

vit+1] = pv[t]-aft] V(E, wlt]) =
= 2 v[t-1] — paft-1] V ( E, wlt-1])
—aft] V (f, w[t]) =
= p3 v[t-2] = p2aft-2] V (E, w[t-2])
— paft-1] V (E, w[t-1]) —aft] V (E, w[t]) =

gk e o




[MTPpUYMHBI yayULLEeHUS
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* CrnaxusaHue wyma CI C (~yBennyeHmne nakeTos)

* CrnaxxuBaHue ocumanaumin, npucymx NC

* [peaoTBpPaLLAET 3aCTPEBAHY
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MeTtoa HecTepoBa

v[t+1] = pv[t] —aft] V(E, w[t])
w[t+1] = w[t] + v[t+1]

Eule O noacyeTa rpajgmeHTa 3Haew,
yto: wlt+1] = wlt] + p v[t]

CumTtaem rpagueHT B bosee «akTyanbHOMY
MecTe:

v[t+1] = pv[t]—aft] V(E, w[t] + pv[t])
w[t+1] = w[t] + v[t+1]

“'nybokme HempoceTu co CTp DUPOBAHHbLIM BbIBOAOM"”



Adagrad method [Duchi et al. 2011]

Naeda: koppekTnpoBaTb ABUXEHME NO
rpagueHTy

glt+1] = g[t] + V(E, w[t]) OV(E, w[t])

witsal=wlt]- O V(E, wit]

Vgledee

(Mony)-aBTOMaTM4YeCKasn NOACTPOMKA
CKOPOCTU (YMEeHbLLeHWe CO BpeMeHeM)
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Adagrad method [Duchi et al. 2011]
glt+a] = g[t] + V(E, w(t]) © V(E, wlt])

X

wlt+1] = w[t] -

© V(E, wlt])




RMSPROP [Hinton 2012]

Cxoxe c Adagrad, HO HakoneHne
3aMeHSeTCs SKCMOHEHLMANbHBIM OKHOM:

glt+1] = pglt] + (2- p) V(E, wt]) OV(E, w[t])

4
S oW W)
8 | tl+2

w([t+1] = w[t] -

“"'nybokne HeMmpoceTH Co CTP DUPOBAHHbLIM BbIBOAOM"




Adadelta [Zeiller 2012]

Naeqa: yckopeHue BA0/Ib «KMOHOTOHHO»
VY YLLAOLLMXCA N3MEPEHNN

glt+a] = pg[t] + (2- p) V(E, w[t]) OV(E, w[t])
//

J AT +¢
wlt+a]=w[t]- ———— O V(E, w[t])

Jgled e

dit+1] = p d[t] + (2- ) (w[t+1]-w[t]) © (w[t+1]-w[t])
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Adadelta [Zeiller 2012]

glt+a] = pg[t] + (2- p) V(E, w[t]) ©V(E, w[t])

A+

wlt+i] =w[t]- ——— —— O V(E, w[t])

e ftl+&

dit+1] = p d[t] + (2- ) (w[t+1]-w[t]) © (w[t+1]-w[t])

e [lonesHoe CBOUCTBO:
NPaBU/IbHbIE PA3MEPHOCTM
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ADAM [Kingma & Ba 2015]
ADAM ="ADAptive Moment Estimation”

v[t+1] = B v[t] + (2- B) V(E, w[t])

glt+1] = pgft] + (2- WV(E, w(t]) OV(E, w[t])

wlt+1] = w[t] — aft] /__E f / () V[t]

=M gld+E
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ADAM [Kingma & Ba 2015]

10" MNIST Multilayer Neural Network + dropout

— AdaGrad
RMSProp
SGDNesterov
AdaDelta
Adam

training cost

102}

"

0 50 100 150 200
iterations over entire dataset
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ADAM [Kingma & Ba 2015]

3.0 CIFAR10 ConvNet First 3 Epoches CIFAR10 ConvNet

: : — AdaGrad 10,'_ _________ __________ ___________ _________ — AdaGrad I

— AdaGrad+dropout — AdaGrad+dropout

| : — SGDNesterov — SGDNesterov
I S e — SGDNesterov+dropout|- e —_— S ] o —— SGDNesterov+dropout| |

‘ : — Adam — Adam

Adam+dropout - : : : ——  Adam+dropout

A S S N T——

training cost
training cost

0-3.0 0.5 1.0 15 2.0 2.5 3.0 0 5 10 15 20 25 30 35 40 45
iterations over entire dataset iterations over entire dataset

-
(=]
A
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CpaBHeHMe: JIOrMcTnyeckasn perpeccus

- — _£ - !
;:;_-;_—__ sgd
—  momentum |
= nag N
— adagrad t
adadelta |
N
/f rmsprop \
LU nn\ \\\
-2 -1 i)
100 |
80 |
60
40 F
20 |
D 1 | | | |
0 20 40 60 a0 100 120

Image credit: Alec Redford
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OyHKumMa buras

| NNy == 56D B
. | — Momentum [

,"u;':': — Adagrad |

AN Adadelta

Rmsprop
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Yxoa 13 ceAN10BOU TOUYKMW

—  SGD
——  Momentum
—  NAG
- Adagrad
Adadelta
4 A — Rmsprop
e
-2 L

1.0

-0.5

-1.5
Image credit: Alec Redford
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Current state

Bbibop onTnMKn3aTopa 1 napamMeTpoBs
No-npexxHemMy HETPUBMA/IbHO
(06bl4HO HauMHaem c ADAM)
Cyw,ecTBeHHOe yaydylleHue 3a cyeT
C/10€B, KOTOpble
yayJdwatoT/obycnaBaneatoT
rpagnenTbl U akTnBauum (batch
normalization, weight normalization,
layer normalization...)
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ThaH

«CTaHAapTHbIE» CBEPTOYHbIE CEeTU
«lpakTnyeckaa» ontmmmsaymns
CuHTe3upyowme ceTm C NpoCcTbiMMN
bYHKLUAMM NOTEpU

CMHTe3 yepes3 NOBTOPEeHMe CTAaTUCTUK
Nrpatowme cetu (adversarial networks)
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Tekyuiee cocTossHUe

Image classification

o
Lo

o
ho

Classification error
=

T

* [lpakTnyeckun AOCTUTHYT YPOBEHb MO3ra
B 3a4,a4€ KJacCMPUKaLUA
(u30bparkeHne -> MeTKa KJ1acca)

* MeTka Knacca -> U3obpaxeHue = ?

=
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3a4eM HY>KHO CMHTE3MPOBaTb U30bpakeHnn?

3a4eM HY>KHO CMHTEe3MpPOoBaTh

M30bpakeHnsa C NOMOLL, b0 HEMPOCETEN:

1. Fun

2. [loHnmaHuMe kak (He) paboTatoT

rnybokue HenmpoceTu

KomnbloTepHasa rpadpmka

PepakTmnpoBaHue nsobpaxeHmnn

5. YTOObl yAy4YlWNTb KOMOBKOTEPHOE
3peHune (4epes nopoxcdaroujue
modenu)

> W
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«Pa3BopoT» cBepPTOYHbIX ceTeu

NcxogHble n3obpaxeHuns:

18X &k

Kaxxgoe nsobpaxxeHme aHHOTUPOBAHO
TUMNOM M YI/I0M 3PEHUS

n

[Dosovitskiy, Springenberg, Brox CVPR 2015]
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CeTb A0 pa3BoOpoOTa

Layer 6 Layer 7

Output
Layer 5

L0060

4096 4096

256

TN CTYNa
YrOJ1 3peHUs
M T.I.
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Pa3BepHyTasd ceTb

input
FC-1

512

view | N
v v

4 k4

class $ Fe-2
¢ $ FC-3 FC-4 F% 8
809

[y
i

8

uconv-2

-------------------

-
v
=

O \
| LY
| e ] 5
— H ] .
P l‘ :5 W,
nsememsssanne ey g 8/
| 5\1.-- ................. ¥,
................ - e
o=
.
N ;

16 P\
,;": ,-—:;h

d. - i
~—4!

2x2 unpooling +
5x5 convolution:

uconv-3

.......

s ;
T o
i ]
w 1]
AD :
\‘ 1} 1]

8 s/

6%~ p— /

4 I

e

s ¥,

| W —

ir=

Euclidean error x 10

X__}

uconv-4
128

.......

Target RGB
(transformed)

..........

SN
T
S
e
ii5
Ve
S Ng
1.1 8+
L

-------------

To(x: s)

128

........

128

Target
segmentation

(transformed)

Tg S

71>
h 4

Euclidean errorx 1

[Dosovitskiy, Springenberg, Brox CVPR 2015]
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Pa3BepHyTasd ceTb

[ Euclidean error x 10

in?_tl:t uconv-3 uconv-4 Target RGB
FC-1 uconv-2 128 \ (transformed)
uconv-1 n 64 BER———
class E> FC-2 160 32 . ;'~,-—~——__;1_ S AR
) | ———— £V, s 3 LS E v
81N 131 s I ! { “ ! & :S
C ¢ FC3 FC4 FC 5 i ~ n 55 S v ! 5 ! 5\”.-. | ‘ 5‘;':
m A =X r = 7 e e/ G —y
o s12 g' “— - — To(x- 5)
809 256 oEE 32 il \
: 92 128
VI:W =4 L> 3 _ Target
4 segmentation
128
64 (transformed)
512 32
Qe R s ) 4
- — 5 i
5 . .
transf. D 1024 1024 .. 5 | i
param.[lﬁ) g | _ Tys
8 g 1536 128 16 32 :
128 32 64
512 32 128

17y
* ObyueHune no L2-owmnbke (e aror |

* «PasMHOXeHMe» TPEeHUPOBOYHbIX AAHHbIX
* O6byyeHure Macku AQET AOMNOAHUTE/IBHYIO
perynsapusagmio
[Dosovitskiy, Springenberg, Brox CVPR 2015]

“'nybokme HempoceTu Co CTPYKTYPUPOBAHHbIM BbiBOJ0M”



Pa3BepHyTasd ceTb

put uconv-3
-1
uconv-1 &
FC2
[<> 239
¢ l:> H:(-;;" pss $ 2
i ¢ ¢S g 5
512
309 1356 el
64
512 i 32 3
B Qe N - 5 5
tranf. 1024 1024 5 ¥
para s
& 3 128 16 3 o
3

I3meHeHune
O4HOro
«HEeMpoHa»

[Dosovitskiy, Springenberg, Brox CVPR 2015]
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Pa3BepHyTas ceTb

— W W D == O D O

“w + — — ) C 0O Q 3

S Sw e 20 ) B B X

[Dosovitskiy, Springenberg,
(%) BroxCVPR 2015]
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[TpakTUyeckoe NnpumeHeHue: gaze correction
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O6yueHue c yunutenem — Bellb TAXKeNan
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PesakTupoBaHue yepes nossi CMeLeHnn

N out N out

HabnogeHue: 3HaumMTeNbHAA YacTb Nnpeobpa3oBaHmS
MOXeT ObITb 3aZ,aHa Nosiem cmeujeHuUU:

I(x:/:j) GT @(X/j) [(/{CK/U) \/[szjl
Olxy) [ (x+ (), Y+ V(%))

[Mons cmeweHmnn xopowo obobuatorcs!
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DeepWarp

Npen: rnybokasa ceTb yuntcsa

npeACcKasbiBaTb N0J1e CMELLEHNY
Yron

nepeHanpas/1eHUA
@=|=|
ﬂ nosie cmeuw,eHul (u,v)
B e
T [ ‘. J I) .[SJ;;c;tel% ::ansformer ayer /\
g et al. NIPS15]

Olxy)  Tlxeulng), g+ Ving))

[Ganin,Kononenko,Sungatullina,Lempitsky, 2016]
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Spatial transformer nets [Jaderberg et al.2015]

To(G)
/

— U ~@—
Sampler ,
""""""""" Spiidl s | /
Ty
H W
Vi,c == Z Z UTCiTn maX(Ov il — |CU,f o m|) maX(Ov 1— ’yzs o 7’L|)
n om

H W
8 = ZZmax(O, 1 — |27 — m|) max(0,1 — |y; —n|)

Ve H W i 1f|m—a:f|21
0% _ S 01—t - {1 i
i S \_1 1fm<:1;f
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DeepWarp

Npen: rnybokasa ceTb yuntcsa

npeACcKasbiBaTb N0J1e CMELLEHNY
Yron

nepeHanpas/1eHUA
@=|=|
ﬂ nosie cmeuw,eHul (u,v)
B e
T [ ‘. J I) .[SJ;;c;tel% ::ansformer ayer /\
g et al. NIPS15]

Olxy)  Tlxeulng), g+ Ving))

[Ganin,Kononenko,Sungatullina,Lempitsky, 2016]
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BTopou «ypoBeHb» CceTH

nonpaska K

low-res nomo
cmeuwjeHull

m-5-F QF%

[— //? upsample

1 / L

low-res

flow field

{
= 0o

Input Output

Spatial transformer layer

[Ganin,Kononenko,Sungatullina,Lempitsky, 2016]
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BTopou «ypoBeHb» CceTH

nonpaska K

low-res nomo
cmeuwjeHull

m-5-F QF%

[— //? upsample

1 / L

low-res

flow field

{
= 0o

Input Output

Spatial transformer layer

[Ganin,Kononenko,Sungatullina,Lempitsky, 2016]

“I'nybokume HempoceTn Co CTPYKTYPUPOBAHHbIM BbiBOAOM”



TpeTnn «ypoBeHb» CeTH

TpeTun ypoBeHb NPUHMMAET Ha BXOZ, KapThbl
MPWU3HAKOB U pe3yabTaT NpeAblAyLmMX YPOBHEN U

NpeaCKa3blBa€T MYJIbTUNJIMKATUBHYHIO NMOMPaBKY:
Input CEFW + LCM Mask  GT

Bce Tpu aTana obyyaroTcs BMecTe
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BepTukasibHoe nepeHanpas/ieHUe

15 rpajycoB BBEPX

—

[Ganin,Kononenko,Sungatullina,Lempitsky, 2016]
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Ewe npumepbl

[Ganin,Kononenko,Sungatullina,Lempitsky, 2016]
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ThaH

«CTaHAapTHbIE» CBEPTOYHbIE CEeTU
«lpakTnyeckaa» ontmmmsaymns
CUHTe3upytoume ceTm C NPoCTbIMMU
OYHKLMAMM NOTEPU

CuHTe3 Yyepes NoBTOpPEHUE CTaTUCTUK
Nrpatowme cetu (adversarial networks)
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3agava «besycnoBHOU» reHepaLmm
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* HayuuTbcA nony4vyaTb HOBble MpUMepbl
* (HayuuTbCAa oueHMBaTb BEPOATHOCTU)
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Moment-matching nets [Li et al. 2015]

1 N 1 M .
Lyivp2 = N Z_; o) — I Z_:lgb(yj) (1) GMMN
= = Uniform Prior
, NN 0 N M
— WZZQKSL‘JTQD(I@/) — N—Mzqu(ajz)—rgb(yj) w2
i=1i'=1 =1 j=1 %
1 M M —(%
R 2 Z Z d’(yj)TCb(yj’) (2) G
j=1j'=1 &
:‘D:
| N N 9 N M g
‘CMMDQ — ﬁ Z Z k(aj’w :U?:’) o W Z Z k(x?,? y.])
i=1i'=1 =1 j=1
1 M M
+ > > k) (3)
j=1j'=1
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Moment-matching nets [Li et al. 2015]

Algorithm 1: GMMN minibatch training

Input : Dataset {x{,....x% }. prior p(h), network
f(h;w) with initial parameter w (")
Output: Learned parameter w*

1 while Stopping criterion not met do

2 | Get a minibatch of data X + {x¢ ,....x{
3 Get a new set of samples X* + {x},....x; }
4 Compute gradient aﬁgﬁm on X and X*

E Take a gradient step to update w

6 end

Use mixture of several Gaussian
kernels with different bandwidths

“'nybokme HempoceTu Co CTPYKTYPUPOBAHHbIM BbiBOJ0M”



Moment-matching nets [Li et al. 2015]

1121113371 !E‘-JLJQ"‘J
EEHEEIEl - B0
Z94%|y |2 .an-ﬂ-.
._h.fr | &
51112]9]2].2 I SN

(a) GMMN MNIST samples (b) GMMN TFED samples
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CuHTe3 TeKkCcTyp
KntouyeBoM BONPOC: Kakne CTaTUCTUKMA
OMUCbLIBAIOT TEKCTYPY?

U UNOXOKM  pasfvuHbl
* [lonmnkcenbHas pa3HOCTb?
* [uncrorpammsl LBETOB?
*  Hy>XHbl CTaTUCTUKK BoNee BbICOKMX
nopsaakos!
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CTaTUCTUKMY, nopo>Kp,aeMb|e HEenpoceTbIo
—_——a - (Y

T Poold T MaTtpuuya pamma:

- Qg .
- I~ K
| 0k

e R

512X512-MEPHbIN AECKPUNTOP

[Gatys, Ecker, Bethge 2015]
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CuHTes3 TEKCTYp METOAO0M npoobpasos

gor]
L -conys_s 2—- i
A=

G-

b /%Cb(% *) = G ()




Image generation by optimization

X3

r” = arg min L(x)

~

—

|

|
12
X

-

[Gatys, Ecker, Bethge 2015]
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[Gatys, Ecker, Bethge 2015]
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TekcTypbl, CO34aHHbIe MEeTOAOM Npoobpasos

[Gatys, Ecker, Bethge 2015]
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TeKCTprl, co3AaHHble MeToA0M npoobpasos

Synthesised

S, Ecker Bethe 2015]
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Texture network

Descriptor network (VGG-19)

LY{z: f} LA(x; f) Lt(x; f)

By i m

':D Generator network
. layer 1Hlayer ZJ relu1_1 i elu2_1 b lrelu3 I

| =N
‘#  ge(2)

Image generation: r = go (z)’ Z ~ U(O? 1)

Optimization task becomes:

mein 4:£teazture(99<z); t)a < U(Oa 1)

pk+1 — gk _ aé’ﬁ(gge(z);t)
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Generator networks details

S e
= m]_ u-wk]-“'“"k - J“%# m-"FI

block block block |

e a2l

block | _ block | _ block |

hlonk block | _ block .
on | - e m-uT = et 27

3x3,8 3x3, 8 _:.:a.sk‘]

bloc bleck| [(Iblocks SR
Join }_' sz 3x3, 32 :ua.,sz}
loin

Multi-scale approach simplifies learning
Looks scary, but still feedforward and

fully convolutional
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Texture
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obpasey  ontum.  TextureNet

[Ulyanov, Lebedev, Vedaldi, Lempitsky ICML16]
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aBHeHMEe CMHTEe3a TeKCTyp
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obpazel ONTUM. TextureNet
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CpaBHeHUe CMHTEe3a TeKCTYP

obpazel ONTUM. TextureNet
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CpaBHeHUe CMHTEe3a TeKCTYP
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Quantitative evaluation

108

loss

102

0 2 4 6 3 10 12 14 16 18 20 22 24 26 28 30
time, [s]

« Horizontal lines: average sample loss
* 0.06 second to generate sample

« Dotted lines: optimization-based loss as a
function of time

« 10 seconds to achieve the same loss values
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Ctuaunsaumsa nsobpa>xeHmn

[Gatys Ecker Bethge 2015]
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Stylization with texture loss




Neural alc orithm for artisic style

\
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Feed-forward stylization
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“Style” network

Descriptor network (VGG-19)

L) L) L)

Generator network

go(z,c) . EEI Eii gi]
e ZJ m?] %ﬁm“ @ .
Image generation: = ge(z,c), z~U(0,1)

Optimization task: m@in EL(go(2z,0);c,t), =z~ U(0,1)
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Feed-forward stylization
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Feed-forward stylization

10N

PJeMIO}Pa3)
Imizat

opt
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Feed-forward stylization

. -

pJemio}pasy

optimization
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Feed-forward stylization

-.w \*’q.'\. ..-Q“ - q-\»-u et Y

= “ .' LA "!-- ' _ = 7. WYY Nt 1‘ " e s "
% ﬂ 'ﬂ ] Y - N i .. ' Hf‘\\\‘"ﬂ' ,1 Wf |8
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feedforward optlmlzatlon
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ThaH

«CTaHAapTHbIE» CBEPTOYHbIE CEeTU
«lpakTnyeckaa» ontmmmsaymns
CUHTe3npyloLwme cetn C NPOCTbiMU
OYHKLMAMM NOTEPU

CMHTe3 yepes3 NOBTOPEeHMe CTAaTUCTUK
Urpatowme cetu (adversarial networks)
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Let us look at reconstruction deficiencies

* How can we tell between real and synthetic?
* (Can acomputer tell between them?

Discriminator

Generator Network: Network:
generates content assesses the result
(e.g. images) (e.g. Images)

“I'nybokume HempoceTn Co CTPYKTYPUPOBAHHbIM BbiBOAOM”



Adversarial generative networks

Generator (G):
noise

Bl <0 oo

Discriminator (D):

#mbﬁﬂm

X
> [Goodfellow et al. NIPS 14]
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N OO~

TR B o I T B
A0 g — A

b3
)
>
)
¥
g
7 2
5

AN~y R
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Adversarial learning

for number of training iterations do
for £ steps do

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

e Update the discriminator by ascending its stochastic gradient:

Vo, 23 [logD (59 +10g (1- D (G ()))].

=1

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

veg%éog (1-D (6 (x9))).

end for

[Goodfellow et al. NIPS 14]
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Adversarial generative networks

Generator (G):
noise

Bl <0 oo

Discriminator (D):

il bmao

X
> [Goodfellow et al. NIPS 14]
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Adversarial learning

[Tonck UrpoBoro paBHoOBeCUS:

VWGM Wg% V(D, &) - A /7D [@05 D(X) -

A
RCHE R

= T E R

[Goodfellow et al. NIPS 14]
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Adversarial networks

IS5 15151515

rAYAVAVAVAVAVAVA VAN

ellow et al. NIPS 14]
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Adversarial loss

Adding adversarial loss greatly improves
the sharpness:

[Dosovitskiy and Brox, ArX|v15]
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Gaussian pyramid

Lavel 4
Biur and 1 116 rasoluiion
subsampie | Level 3
Blur and 178 resolution
subsample | - Level 2

1/4 resalution

EBlur and
subsample
Level 1
1/2 resolution
Blur and
subsample

Level 0
Onginal
image

G;=Subsample(Blur(G-1))
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Laplacian pyramid

| —[k
o Al
|

¥

L;=G,—Upsample(G,,,)

* (lassical multi-scale image model
[Burt Adelson IEEE TC83]
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Multiresolutional splining

L.=L*GM + L2 (1-GM)

[Burt Adelson TOGS83]
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Multiresolutional splining

[Burt Adelson
TOG83]

“"nybokure HempoceTn Co CTPYKTYPUPOBAHHbBIM BbiIBOAOM”



Multlresolutlonal spllnlng

L,-= Lll- GM.+ L2 (1-G™,)

[Burt Adelson TOGS83]
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Applying GAN in Laplacian fashion

* GAN are applied at each level to generate L,
* Generator accepts noise and Upsample(G,,.)
* Attesttime, L is generated and G; is recovered
G,=L,+ Upsample(G,,.)
[Denton et al. ICLRax]
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[Denton et al. ICLR1c]
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lacian fashion
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[Denton et al. ICLR1g]
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Assessing realism

Ultimate measure: user study

Real Fake

o4 classified real

- T 40 150 A0 w0 400 €50 1000 2000
Fresentation time (ms)

OTkpbITasg npobaema: Kakmm obpasom
MOXXHO aBTOMATU3NPOBAaTb N3MEPEHNE

KayecTBa? [Denton et al. ICLRa5]
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DCGAN [Radford et al. 2016]

Stride 2

Project and reshape

I'Iocne13r|oxm s o
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DCGAN [Radford et al. 2016]

100zm e 8 - =
4 O = <

Stride 2 16

Project and reshape

[locne 5 anox:

CONV 2
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DCGAN [Radford et al. 2016]
.= D
TN

=
Stride 2 16

CONV 2

man man woman
with glasses without glasses without glasses

woman with glasses
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DCGAN [Radford et al. 2016]
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DCGAN reproduced by [Zhao et al.2016]
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OnTMMU3aLyUOHHbIe 3BPUCTUKM

.soumilh committed on GitHub Merge pull request #4 from raminia/dropout |- Latest commit desbbf3 & hours ago
B images first commit 7 days ago
[E] READMEmd Added a dropout trick based on https://ardv.org/pdf/1611.07004v1.pdf a day ago

README.md

How to Train a GAN? Tips and tricks to make GANs work

While research in Generative Adversarial Networks (GANs) continues to improve the fundamental stability of these models,
we use a bunch of tricks to train them and make them stable day to day.

Here are a summary of some of the tricks.
Here's a link to the authors of this document

If you find a trick that is particularly useful in practice, please open a Pull Request to add it to the document. If we find it to be

reasonabie and verified, we will merge it in.

1. Normalize the inputs

& normalize the images between -1 and 1

& Tanh as the last layer of the generator output

2: A modified loss function

In GAN papers, the lass function to optimize G is min (log 1-D), butin practice folks practically use max log D

s because the first formulation has vanishing gradients early on

* Goodfellow et. al (2014)
In practice, works well:

* Flip labels when training generator: real = fake, fake = real

3: Use a spherical Z

# Dont sample from a Uniform distribution

https://github.com/soumith/ganhacks
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State-of-the-art: EBGAN [Zhao et al. 2016]
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State-of-the-art: EBGAN [Zhao et al. 2016]

1000-K/1accoBad reHepaymnsa 256x256:
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Deep supervised neural networks

N\
\[
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Where to get the data?

Lots of modalities do not have large labeled data sets:

* Biomedical

* Unusual cameras /[ image types

* Videos

* Data with expert-level annotation (not mTurkable)

Surrogate training data often available:

* Borrow from adjacent modality

* Generate synthetic imagery (computer graphics)

* Use data augmentation to amplify data (image-
based rendering, morphing, re-synthesis,....)

Resulting training data are shifted. Domain
adaptation needed.
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Example: Internet images -> Webcam sensor
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‘ [Saenko et al. ECCV2010]
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Example: (semi-)synthetic to real




Assumptions and goals

* Lots of labeled data in the source domain (e.qg.
synthetic images)

* Lots of unlabeled data in the target domain (e.g. real
Images)

* @Goal: train a deep neural net that does well on the
target domain

Large-scale deep unsupervised domain adaptation
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Domain shift in a deep architecture

£=Gr066) Gy (:6,)

.¢m¢m¢ﬁ»'»|]:>l]c>a

label predictor

) s '-'_“ "

feature extractor

When trained on source
only, feature
distributions do not

match: S(f) =
T(f) =
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ldea 1: domain-invariant features wanted

Feature distribution without
adaptation:

Our goal (after adaptation):
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ldea 2: measuring domain shift

.»i»i»i»' 4B B

d = Gd f; Hd)

Domain classifier:

Domain loss low Domain Ioss hlgh
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Learning with adaptation
.»i»i»i»l >[o ]

1. Build this network
2. Train feature extractor + class predictor

on source data

3. Train feature extractor + domain classifier
on source+target data

4. Use feature extractor + class predictor at
test time

“I'nybokume HempoceTn Co CTPYKTYPUPOBAHHbIM BbiBOAOM”



ldea 3: minimizing domain shift
faLyN
00 ¢

| loss L

Emerging features: 004
* Discriminative (good for predicting y)
* Domain-discriminative (good for predicting d)

“Cnybokmne HempoceTn co CTp DUPOBAHHbLIM BbIBOAOM”



ldea 3: minimizing domain shift
(L, OL,,

punl 89 @

»mm-ﬂ] > [+

~ AaLdY \s

.¢>

005 fi -
5L 0ss Ly
Gradient reversal layer: 004

* Copies data without change at forwardprop
* Multiplies the gradient by -A at backprop
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ldea 3: minimizing domain shift
faLyN
00 ¢

| loss L

Emerging features: 004
* Discriminative (good for predicting y)
* Domain-invariant (not good for predicting d)
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Gradient reversal layer

class GradReversallLayer : Layer {
float lambda;

blob forward (blob x) {
return x

]

blob backward(blob dzd)y) {
return multiply(azdy, —/lambda)

]
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Saddle point interpretation

Our objective (small label prediction loss +
large domain cIassification loss wanted)

E(0,0,,00) = Y Li — Z Li(65,04)

i . N
d; =0

The backprop converges to a saddle point:

(91? 99) — arg Illlgl E(0¢,0,, 04)
O

S — arg max E (t9f; é.y; 04) .
d

Similar idea for generative networks:
[Goodfellow et al. Generative adversarial nets.
In NIPS, 2014]
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Backprop updates

Domain classification loss for the ith example

|
Label prediction loss for the ith example

! w

OL! OL!

9f T 9f Y 89;, )\69;1
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0, <+— Gy — 2y
Yy
OL"
9d — 9d — ﬂaej
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Office dataset
Q| P

|
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Results on Office dataset

e SOURCE AMAZON DSLR WEBCAM
TARGET WEBCAM WEBCAM DSLR
GFK(PLS, PCA) (GONGET AL., 2012) 464 4+ .005 613 £ .004 663 & .004
SA (FERNANDO ET AL., 2013) 450 648 .699
DA-NBNN (TOMMASI & CAPUTO, 2013) 528 £+ .037 00 £ 01T 162 = .025
DLID (S. CHOPRA & GOPALAN, 2013) 519 182 .899
DECAFg SOURCE ONLY (DONAHUE ET AL., 2014) | .522 4 .017 915 £ .015 -
DANN (GHIFARY ET AL., 2014) 536 £+ .002 712 4 .000 835 £ .000
DDC (TZENG ET AL., 2014) 594 £+ .008 925 +.003 917 + .008
PROPOSED APPROACH 673 +£.017 .940 + .008 937 £+ .010

Most similar approach (matches means of distributions):
[Tzeng et al. Deep domain confusion: Maximizing

for domain invariance. CoRR, abs/1412.3474, 2014]

* Inthe comparison we use more target examples than
[Tseng et al.] (and same as DLID)
* Both ourresults and Tseng et al. fine-tune AlexNet
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Further experiments: baselines

.¢mc>m¢ﬁ¢ |]

Upper bound: training on target domain with labels

Shallow adaptation baseline: [Fernando et al.,
Unsupervised visual domain adaptation using subspace
alignment. ICCV, 2013] applied to the last-but-one
layer

Lower bound: training on source domain only
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Example: from synthetic to real

00, I3 IR o
#“\iﬂ ;.581 ———> ;71%'78‘5',3-

0.92
0.9
0.88
0.86 -

0.84 -

0.82 -

No adapt Baseline Deep Upper
adapt bound
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Example: large gap

Reverse
_ _ 0.5 -
direction °
0.4 -
does not No adapt Baseline Deep  Upper
work ® adapt  bound
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TODO: what | have not covered

1. ABTO3HKOJepbl, BapuaLUOHHbIE
aBTO3HKoOAepbl

2. [locnepoBaTtenbHas reHepauusa (Pixel
CNNs/Pixel RNNs/DRAW,....)

3. Obpawaembie oTobpaxkeHUs
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ABTO3HKOAEp

=i (e(x5,)/%)
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PegakTUpoBaHUe C NTOMOLLbIO aBTOOHKOAEpa

Thanks to L.Yekimov
(+F.Chervinsky,D.Kononenko,D.Sungatullina,Y.Ganin)
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ThaH

«CTaHAapTHbIE» CBEPTOYHbIE CEeTU
«lpakTnyeckaa» ontmmmsaymns
CUHTe3npyloLwme cetn C NPOCTbiMU
OYHKLMAMM NOTEPU

CMHTe3 yepes3 NOBTOPEeHMe CTAaTUCTUK
Urpatowme cetu (adversarial networks)
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