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Motivation

Generative Models

Generative models map from a latent input space to a
specific output distribution, €.g. certain images

Generative Adversarial Networks (GANs) are unsupervised
learning algorithms and do not rely on direct mappings from
INput data to a latent space

- The generative model never sees the input data

- Training is only done by receiving adversarial feedback

SPATIAL COEVOLUTIONARY DEEP NEURAL NETWORKS TRAINING JAMAL TOUTOUH



LA

ANYSCALE LEARNING FOR ALL

Motivation

Discriminative Models

Discriminative models classity between
real and fake Inputs

GANs create discriminative models

from unlabeled data
> Image Classification
> Malware Detection

O
oo 0

Which catis real?
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Motivation

Image reparatlon Music generation
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(a) MidiNet model 1
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(b) MidiNet model 2

v
. # Eesc=sFarsisd T ¥
E‘n‘ui" ‘i n_ﬁ 4 3"' IFLBTH J‘jﬂ),}ﬂ:. FEvi m_q;uu.j ;auwjﬂ;dwu
1 #

== 2

#
(c) MidiNet model 3

Figure 3. Example result of the melodies (of 8 bars) d by different impl ions of MidiNet.
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Mode Collapse
GAN Pathologies

Non-convergence: the model parameters oscillate,
destabilize and never converge
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Mode collapse: the generator collapses which . . :
produces limited varieties of samples
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Diminished gradient: the discriminator gets too
successful that the generator gradient vanishes and L0 o obo obs oS0 obs oo
learns nothing

Focusing on different modes
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Relation between GANs and Coev

Both are Minimax Problems

(z) sample from latent space
(x) sample from real data

The generator’s objective is to
minimize D(G(z))

The discriminator’s objective is to
maximize D(G(z)),
while minimizing D(x)
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Relation between GANs and Coev

Nature inspired coevolution s
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Biological arms races can provide adaptation
> Nature displays multiple adversaries and robustness

Can coevolution help to improve robustness in other

adversarial sefttings?
> Multiple comparisons can aid robustness

> Multiple variations based on quality measurements improve
diversity
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Mustangs: Gradient-based Coevolution

Combining the Advantages of both Techniques

A distributed, coevolutionary framework to frain GANS
with gradient-based opftimizers

- Fast convergence due to gradient-based steps

- Robustness due to coevolution

o Improved convergence due to hyperparameter evolution
> Diverse solutions due to mixture evolution

- Scalability due to spatial distribution topology
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Mustangs: Gradient-based Coevolution

General Idea

New Discriminator Generation

v
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according to fitness function
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Mustangs: Gradient-based Coevolution
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Mustangs: Gradient-based Coevolution

Loss Based Diversity

Mustangs randomly picks a loss function with different
Minimization objectives to improve the diversity

o Minmax loss

Loss functions

o Legs‘l‘-squgre loss Pick a loss function - ~
randomiy
o Heuristic loss / \

Gy "‘ — . -
G (generator) / G, (generator with
updated parameters)

o /
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Experiments

Evaluating Mustangs against other methods that
provides diversity (population or loss based)

> E-GAN
> Lip-BCE MNIST CelebA
o Lip-MSE
> Lip-Heu
- GAN-BCE
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Experiments: MNIST
°
FID score: The lower, the better
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MNIST

Experimental Results

ty

iversi

Generator Output D

O™ &GO ed D E O e
KON B Mo O 0
FBODPONMHMIPONMO
QMDD MM W S e
OO N MBSO NG
MR @PMEmeoemMN D
BeENHONEHYE e N
MmAWnnN NBhm®oDwMm

NN Y e 3¢ ~ Fy o oD "
AT OIS T
DI D S NN T ey -
O 3 ) Wt Wy - RN RO
QNSO Mo D NY W W
25 00 O — G D W) e 0 N gy
Twv—~—@GQ i~ N9 N
—~M Qo wPO oo

IR IR T SR F Y S PR
R SEUTE » B Gl FAAX. TS WS W
AT IV QI D T
NG~ U [ Dy — @
NTeE~AO0ONVOY w9
DONTFINOG WO @ NN
=% X W Q eOAn o~ e\ Q 0 My
QANIE NS BQDUDAEO

QOQVUACVOQQOQVQ
O0V0QAVOVOQVQQY
0VV0BDQOLODOD
QOOVQODTQOVOVO0

QOV/QNAQVUVRIOV0O0
S00QVOQO0QUTLQOQ
VQAO O QVADHO0L 0
COV0QQOQQQoQQND

Mustangs Lip-BCE E-GAN

Mode collapse

s Mustangs
Lip-HEU
EGAN
BCE-GAN

B
Class

m N
o o
uoipodolig

0.4

0.5 A
0.1 -

0.0

JAMAL TOUTOUH

Y]
=
=
<
oz
-
(%)
p 4
o2
O
=
i
Z
—
<
oz
]
(17 ]
Z
o.
(1N ]
(11 ]
(a]
>
oz
<
Z
o)
[
=
—
O
>
(11 ]
o)
O
—
<
—_
<
o.
(72}

28-May-19




ANE A

ANYSCALE LEARNING FOR ALL

Experimental Results: CelebA

FID score: The lower, the better
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Summary

- We have empirically showed that GAN fraining can be
Improved by boosting diversity (preventing critical GAN
pathologies)

- We enhanced an existing spatial evolutionary GAN training
framework that promoted genomic diversity by
probabilistically choosing one of three loss functions

- Work in progress imply scaling works well
o https://github.com/mustang-gan
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