SN D REANTE: )
(GAN) ERE

Mia Feng
August 24, 2019




H >

FIFBET (D) HAERET (G)
AR TS GAN

GAN S5H¥EHUCH: ks, L

GAN 5 HuBRYy B A5 7Y

GAN S5HRRAL: BEIREY 78; Tl EHdEE
GAN S5z b: it ®

GAN 50l MAATM T 21 5 X 2 B T




FA AR

XPSRATMEE p(ylx) @5, SERIEARMEARZMT, LA K
B, SERLE B .

Bl: CRIFERIEH T E (beard length). = fi K/ (horn_ size)
SHRFE, FIRERILE (goat) A2 4RF (sheep):

p (Ygoat) =p (goatlxbeardilength’ Xhorn__sizes " " * ) (1)

,ﬁt){_i:
PRI RE, T I AR

FUBE Y PRI e L A R A g 1, B2 5 5 5
B
ABE BRI ZREE A B etk ACERIK R R ANS 2, AT
Mo



BEXE y 88 p (y) J5, il e @A 2] plylx) IR
Bl Ol 2E RS 2E BREAE, W T K (beard length).
K/ (hornsize) ZFEHFAE, FINFE 2 1L FE (goat) ik /2 4% F

(sheep):
p (Xbeard_length, Xhorn_sizes """ |Ygoat) P (Ygoat)
p (Ygoat) = (2)
p (Xbeard_length’ Xhorn_ size> " " * )

=¥

R B B A B R T, BRI I i B P A 2R R 3

N FIFEIEH
1=

FAMTEEREE .



A R 5 R A R

KA
HT A SO RE T DAAS 2 AT, (B e A ) B ASAS 21 A Bl A

A SRR R B

RS DLl F R SR, SRR 454, T
HEBAMERAE AR, ABR - SHEERNYAERES (1L
IMAET . HREMRARL G570 0 1] A 5t 2 368 0 % 7 IR X
TREEA ST s 301 AL BRABLOR o8 B b = AR O B s bR A, DA
SR P 22 X 2% v 14 73 B Ak B T A AE IR A




2R AR R A

Deep directed Deep undirected Generative .
. . Adversarial models
graphical models graphical models autoencoders

Inference needed Enforced tradeoff

during training.

between mixing

Synchronizing the

.. Inference needed MCMC needed to discriminator with
Training duri . . and power of
uring training. approximate reconstrction the generator.
partition function . Helvetica.
. generation
gradient.
Lea.mefl Variational MCMC-based Leamefl
Inference approximate inference inference approximate
inference inference
Sampling No difficulties ?;g;“es Markov ?]f;l;lres Markov No difficulties
Not explicitly Not explicitly
Intractable, may be | Intractable, may be | represented, may be | represented, may be
Evaluating p(z) | approximated with approximated with approximated with approximated with
AIS AIS Parzen density Parzen density
estimation estimation
Nearly all models Careful design Any QIffgrenuable Any qlffgrenllable
. . function is function is
Model design incur extreme needed to ensure theoreticall theoreticall
difficulty multiple properties coretically coretically
permitted permitted
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Suarez et all, Deep Learning Based Single Image Dehazing, CVPAR'
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Liu et all, PSGAN, ICIP 2018.
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Shing et all, Parametrization and generation of geological models with GAN, 2017
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(b) Meandering pattern
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Quarter-five spot problem: In this problem, injection and production points are located
at (0,0) and (1, 1) of the unit square, respectively. No-flow boundary conditions are
imposed on all sides of the square. We assume unit injection/production rates, i.e.
¢(0.0) =1 and ¢(1.1) = —1.

Uniform flow problem: In this problem, uniformly distributed inflow and outflow condi-
tions are imposed on the left and right sides of the unit square, respectively. No-flow
boundary conditions are imposed on the remaining top and bottom sides. A total
inflow/outflow rate of 1 is assumed. For the unit square, this means v -n = —1
and v-n = 1 on the left and right sides, respectively, where n denotes the outward-
pointing unit normal to the boundary.
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Ma et all, SiftingGAN, 2018
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Lin et all, MARTA GANs: Unsupervised Representation Learning for Remote Sensing
Image Classification, 2017
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Lakent random variable
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DataSet Method Description Parameters Accuracy
SCMF Unsupervised - 91.034+0.48
UFL-SC Unsupervised - 90.264+1.51
UC-Merced OverFeat;, + Caffe [4] Supervised 205M 99.43+0.27
GoogLeNet Supervised SM 99.4740.50
MARTA GANs Unsupervised 2.8M 94.86+0.80
BIC [4] Unsupervised - 87.03+1.07
Coffec OverFeat 1, +OverFeats Supervised 289M 83.0442.00
CaffeNet Supervised 60M 94.4541.20
MARTA GANs Unsupervised 0.18M 89.8640.98
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Benjdira et all, Unsupervised Domain Adaptation Using Generative Adversarial Net-
works for Semantic Segmentation of Aerial Images, 2019
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Mario et all, Typhoon track prediction using satellite images in a Generative Adver-
sarial Network, 2018
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