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Generative Adversarial Nets
GAN

"Since 2010, Bengio’s papers on generative deep learning, in particular
the Generative Adversarial Networks (GANs) developed with Ian
Goodfellow, have spawned a revolution in computer vision and
computer graphics. In one fascinating application of this work,
computers can actually create original images, reminiscent of the
creativity that is considered a hallmark of human intelligence.”
——ACM A.M. Turing Award 2018

a XIHF

< B

N~

V]

A
TCIm =T

¥ k%

'OUTHEAST UNIVERSITY

Generative Adversarial Nets

Ian J. Goodfellow, Jean Pouget-Abadie; Mehdi Mirza, Bing Xu, David Warde-Farley,

Sherjil Ozair{ Aaron Courville, Yoshua Bengio!
Département d’informatique et de recherche opérationnelle
Université de Montréal
Montréal, QC H3C 3J7

Abstract

We propose a new framework for estimating generative models via an adversar-
ial process, in which we simultaneously train two models: a generative model G
that captures the data distribution, and a discriminative model D that estimates
the probability that a sample came from the training data rather than G. The train-
ing procedure for G is to maximize the probability of D making a mistake. This
framework corresponds to a minimax two-player game. In the space of arbitrary
functions GG and D, a unique solution exists, with G recovering the training data
distribution and D equal to % everywhere. In the case where GG and D are defined
by multilayer perceptrons, the entire system can be trained with backpropagation.
There is no need for any Markov chains or unrolled approximate inference net-
works during either training or generation of samples. Experiments demonstrate
the potential of the framework through qualitative and quantitative evaluation of
the generated samples.




QL

O Fnlzti=E O ZEpkz\iRE
m BERHERS: PO/l n HAKAHERST: Poy)

B [[){&E#E. Dropout B R KLSAMER




QL

O AR
B ZEpkEEG (Generator)
m FBIEED (Discriminator)
O RIEERY
B EpERGEEFEIRNEFEFNEEDHP (X
B GEEERZRIAFIEREERIEN

-

EESE

zeF, FAEED I— X =G(2) ~ Pg(X) = Pyq,(X)




BRI R ST R

BEBRRE: VeerlE www.veer.com .
X

AR IRE K

G % XE
it e LERCLILL

)

A RS

THEAST UNIVERSITY



[ & R R R R e

—n —n

a
Training set / Discriminator
gd// _Real

—
Random / B
] _—

Generator /Fake image




Qe T

O #2FEFX

m(}n max V(D,G) = Egpnppu(a) 108 D(x)] + Eznp, () [log(l — D(G(2)))].

(1) EEG, F%ED, &AV(D,G), 53 Dx)—1,| D(G(z))—0
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(2) EED, BHEG, &/IMtmaxV(D,G), SED(G(2))—1
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{Beyond the Stars: At Galaxy’s Edge)
by Julie Dillon
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min max V(D, G) = Egnpy(w)[108 D(@)] + Eznp(»)llog(1 = D(G(2)))]. == Pg(X) = Pyya(X)

V(G, D) :/ Pdaa () log(D(x) )dx + [pz(z) log(1 — D(g(z)))d=

Pdata (x)
/ Pdaa() log(D(x)) + py(x) log(l — D(x))de ——> D( )
DR Daata(Xx) + Pg (x)

V(D,G)

= r pdata(x) log
Jx Paata(x) + Pg (x)

Pdata (x ) pg ( )
" pg (x) to gpdata(x) + pg (x)

1 1
5 Pdata (x) 5 Pg (x)

Pdata (x) + pg (x) * pg (X) 108 pdata(x) + pg (x)
2 2

dx

=Jr Ddaata(x) log
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P(x)
KLBEE KL(PIIQ) = ) P(Olog oy —pos
—2log2 + KL <pdata(X) pdata(x2)+29g(x)> + KL (pg (x) pdata(x2)+pg(x)>
1 1 1
JSDEE JSD(P|IQ) =5 KL(P|IM) + SKL(P|IM) M ==(P+Q)
—2log2 + KL (pdata (x) pdata(x2)+pg(x)> + KL (pg (x) pdata(x2)+pg(x)>

min —21og 2 + 2JSD (Pyata (%)||Pg (X))

m(}n max V(D,G) = Egnpyu(z) 108 D()] + Eznp, (2)[log(1 — D(G(2))))- — PG(X) ~ Pdata(x)
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_—— Over-sampling methods

Random over-sampling

Distance-based methods

_ SMOTE
~ Borderline-SMOTE

. ADASYN

\_ Cluster-based methods

—— Under-sampling methods

) Random under-sampling

Distance-based methods

~ ENN
_ RENN

\_ NearMiss family

Key resampling techiques

‘ Cluster-based methods
\_ Ensemble learning
A BalanceCascade

. . EasyEnsemble

Hybrid methods

SMOTE + ENN
~ SMOTE + Tomek
SMOTE + Random under-sampling

SMOTE + k-means under-sampling
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Real Non-
. . Synthetic . Imbalanced
Experiments travellin y travellin Total
P instance% data instanceg rate
(origlnal) 0 1:45 37,154,880
Ei 35,516,324 1:1 72,671,204
Eis 17,348,523 1:2 54,503,403
819,278 36,335,602
Eis 6,447,842 1:5 43,602,722
Ei10 2,814,282 1:10 39,969,162
Ei0 997,502 1:20 38,152,382
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Training speed s an
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Synthetic travelling instances The values of FD
by method Real travelling instances | Non-travelling instances
Real travelling instances - 455.24
Epeep—GaN 87.17 315.32
Eros <104 455.23
EsyrorE (.53 452.15
EADASYN 16.96 341.00
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