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About You

+» EA and CoEA experience?
+» ML and DL experience?

+» Programming? algorithms?
« Native English speakers?

983

Instructors

<+ Jamal Toutouh is a MSCA Postdoctoral Fellow at the ALFA
group (CSAIL-MIT) and the NEO team (University of Malaga).
He obtained his Ph.D. in Computer Engineering at the
University of Malaga. The dissertation, “Natural Computing for
Vehicular Networks,” was awarded the 2018 Best Spanish
Ph.D. Thesis in Smart Cities. The dissertation focused on
analyzing and devising machine learning (ML) methods
inspired by Nature to address Smart Mobility problems. His
current research explores the combination of Nature-inspired
methods applied to ML and deep learning. He uses his novelty
methods to Smart Cities and Climate Change.

< Una-May O'Reilly is leader of the AnyScale Learning For All
(ALFA) group at MIT CSAIL. ALFA focuses on evolutionary
algorithms, machine learning and frameworks for large scale
knowledge mining, prediction and analytics. The group has
projects in cyber security using coevolutionary algorithms to
explore adversarial dynamics in networks and malware
detection. Una-May received the EvoStar Award for
Outstanding Achievements in Evolutionary Computation in
Europe in 2013. She is a Junior Fellow (elected before age 40)
of the International Society of Genetic and Evolutionary
Computation, which has evolved into ACM Sig-EVO. She now
serves as Vice-Chair of ACM SigEVO. She served as chair of
the largest international Evolutionary Computation Conference,
GECCO, in 2005.

Learning Outcomes

+ describe generative modeling and generative adversarial
networks (GANs)

+ identify the intellectual intersection between GANs and
coevolutionary algorithms

+ describe the design principles of a GAN and be familiar
with simple code for one

++ use Python code to run a demonstration framework
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Course Agenda

+» Generative Machine Learning

+ Generative Adversarial Networks

% Spatial Co-evolutionary GAN Training
% Lipizzaner

% Questions & Discussion (1)

+» Hands-on experiments

+ Questions & Discussion (2)
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Generative Machine
Learning

Coevolutionary Computation
for Adversarial Deep Learning

Jamal Toutouh & Una-May O'Reilly
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Course Agenda

+ Generative Machine Learning

+ Generative Adversarial Networks

++ Spatial Co-evolutionary GAN Training
% Lipizzaner

+ Questions & Discussion (1)

+ Hands-on experiments

+“ Questions & Discussion (2)

VLFA - (uED

Supervised vs Unsupervised Learning i

“ Supervised Learning

°

% Given data x, predict output 'y

°

R

% Goal: Learn a functiontomap x>y

XX %
X

°

% Requires labeled data ' o

o

% Methods: Classification, Regression, Detection, |
Segmentation 1

Xy
% Unsupervised Learning

°

* Given data x o)

R

o

% Goal: Learn the hidden or underlying . o
structure of the data il Falon

o

% Requires data (no labels)

R

» Methods: Clustering/Density, Compression T e

Generative Machine Learning 8



Supervised vs Unsupervised Learning

+ Unsupervised Learning examples

Clustering Density estimation

B ﬁ .l .FA o/, ::;"“ [%1]
o l' T NE Toutouh & O'Reilly Generative Machine Learning 9

Generative Modeling

%ﬁ{

+ Explicit density estimation: estimates the true Probability Density
Functions (PDF) or Cumulative Distribution Functions (CDFs) over the
sample space, i.e., defines and solves for p,oqe(X)

< Flavors:

“ Implicit density estimation: generates a function that can draw
samples from the true distribution, i.e., learn model that can sample from
Pmodel(X) Without explicitly defining it

Trainin H -
g Synthetic

samples
samples

AL e
; A" FA : @ Toutouh & O'Reilly

Generative Machine Learning 1
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Generative Modeling

+«

“ Overview: Given training a training dataset, generate new samples
from same distribution > Addressing density estimation

ERNENYREXRETR
EdcEEEaD e
dEREESESE

Generated samples ~ pyogei(X)

B EEED -
CEaDENwESs
Eml NG ¢ O

Training dataset ~ Pyus(X)

+ Density estimation: estimate the probability density function p,,oq4e/(X)
of a random variable x, given a bunch of observations from the
training dataset py,a(X)

<+ Understand better the data distribution
< Compress the data representation

< Generate samples

Generative Machine Learning 10

Generative Modeling

-

Explicit density estimation Implicit density estimation

Variational Autoencoders Generative Adversarial
VAESs) Networks (GAN)

b <™

Generative Machine Learning 12
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Course Agenda

+» Generative Machine Learning

+ Generative Adversarial Networks
+» Spatial Co-evolutionary GAN Training
% Lipizzaner

Questions & Discussion (1)
+» Hands-on experiments

+ Questions & Discussion (2)

R/ ®,
LX)

>

13

Generating Synthetic Samples me

“ Global idea: Generating new synthetic samples without modeling
the density estimation, i.e., implicit density estimation

< Solution: Sampling from something simple (random distribution)
and learning a transformation to the real (training) distribution

<+ Main components of the Generative Model:
% Generator Neural Network: G
% Random (latent space): Z

¢+ Synthetic sample from the training distribution: x’

'l

Generative Adversarial Networks 15
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Generative
Adversarial
Networks

= Coevolutionary Computation
" for Adversarial Deep Learning

Jamal Toutouh & Una-May O’Reilly

How do the Generator Learn? .;Eci‘

++ Using another model that gives feedback about how close/far are
the samples from the distribution that represents the real training
dataset - Discriminator

. Synthetic
= samples
EH Training

by 1_‘() samples

Generative Adversarial Networks 16
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Generative Adversarial Networks

‘*‘ff’k ;

% Generative Adversarial Networks (GAN) construct a generative model
by raising an arms race between two neural networks, a generator
and a discriminator [6]

| Goodfellow et al. 2014. Generative Adversarial Nets ‘

% Discriminator (D) tries to distinguish between real data (x) from the
training dataset distribution and fake data (x’) from the generator (G)

< Generator (G) learns how to create synthetic/fake data samples (x')
by sampling random noise (Z) to fool the discriminator (D)

1

ALFA - @ Toutouh & O'Reilly
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Generative Adversarial Networks

<+ Generator and Discriminator are trained together (minimax game)

o

% Discriminator is trained to correctly classify the
input data as either real or fake

“ maximize the probability that any real data
input x is classified as real - maximize D(x)

0

< mlnlmlze the probability that any fake sample
X' is classified as real > minimize D(G(z)

0’0

» Generator is trained to fool the Discriminator

o

D(G(z)))]

<> maX|m|ze the probability that any fake sample
X' is classified as real > maximize D(G

11}i11 A V(D,G) = Egmpy,, (2 log D(2)] + Eznp () [log(1 -

D

» The training ideally converges in a scenario in which the Generator
produces such a realistic samples that the Discriminator cannot
distinguish between real and fake samples, i.e., p=0.5

I 2
A ‘-FA o @ Toutouh & O'Reilly
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Generative Adversarial Networks

m:i.
T

+ Discriminator attributes a probability p of confidence of a sample being
real (i.e. coming from the training data)

“ Generator learns the real data distribution to generate fake samples

real data | Goodfellow et al. 2014. Generative Adversarial Nets |
fake sample Y p (coming from the training data)

3 e

P& T Lt

noise B \-w

et

*+ Generator slightly changes the generated data based on Discriminator’s
feedback

ALFA @ Toutouh & O'Reilly
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Generative Adversarial Networks

mfi.
P

Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of

steps to apply to the discrimi ke, 15 2 hypery We used k= 1, the least expensive option, in our
experiments.
for number of training iterations do
for k steps do
» Sample minibatch of m noise samples {z'Y), ..., z!"™)} from noise prior p,(z).
» Sample minibatch of m examples {zV ..., ™} from data generating distribution
Paaa( ).

= Update the discriminator by ascending its stochastic gradient:

Vi, {L .i; [luj.:D (u:”]) +log (l D ((; (zm)))] ’
end for

* Sample h of m noise samples {201, 2(™1} from noise prior p,(z).
® Update the generator by descending its stochastic gradient:

Vo JL !m-'lug (l -D ((.‘ (zf"))) .
=1
end for

The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments,

I 2
A ‘-FA o @ Toutouh & O'Reilly
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GAN Applications

% Generate new samples of image datasets

Al %
2 A"FA 3 @) Toutouh & O'Reilly

Generative Adversarial Networks 21

GAN Applications

< Text-to-Image translation

This hird is
This bird is This bird has A white bird white, black,
Te_“_ blue with white  wings that are with o black and brown in
deseription gnd has a very brown and has  crown and color, with a
short beak aycllow belly  yellow beak brown beak
A £
Stage-1 " ‘ .
images . |
Stuge-11
images

N -
A"FA ¢ @) Toutouh & O'Reilly
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GAN Applications

+ Image-to-Image translation

? a
5@
4 d

Generative Adversarial Networks 22

GAN Applications

“ Semantic-Image-to-Photo translation

Mulii-modal resulis

—

http://nvidia-research-mingyuliu.com/gaugan

N -
A"FA ¢ @) Toutouh & O'Reilly

Generative Adversarial Networks 24
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GAN Applications Ge_ciék :

% Deepfake videos

https://www.youtube.com/watch?v=cQ54GDm1eL0&feature=youtu.be&t=22

ALFA
U L L NE Toutouh & O'Reilly Generative Adversarial Networks 25

Training Pathologies mf’k

< Non-convergence: the model parameters oscillate, destabilize, and
never converge

% Mode collapse: the generator collapses which produces limited
varieties of samples

tep0 aep sk o 10K Serp 15k Siep 20w Sarp 25k Target

<+ Diminished gradient: the discriminator gets too successful that the
generator gradient vanishes and learns nothing

A‘- FA - (NE Toutouh & O'Reilly Generative Adversarial Networks 27

GAN Applications

+« Many many others...

’ A LFA < @ Toutouh & O'Reilly

Learning Variants

<+ Some variants

03-May-21
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G“:i.
P

Name Discriminator Loss Generator Loss

Minimax GAN 200"" —EyxlogDix) —Eg log (1—D{G(z))) E, log(1—DI(G(=)))
Non-Saturating GAN | & 5™ — g 5 E, log D(G(z))
Least-Squares GAN i’é‘r‘“ Ex(D{x)—1)? + EzD(G(z))? Ex(D{G[z)) —1)*
Wasserstein GAN 2O = —ExD(x) + ExD(G(2)) E.D(G(z))
WGAN-GP NN — g WO 4 AE, £ (IVD[ax + (1—a)Glz)) |l — 1) | S£IOWCP — g o

DRAGAN LM — BN B puma v 10) (VD)2 — 1) S QMO — g AN

BEGAN LN lx — AE(x)lly — kExlIGlz) E.llG(z) — AE(G(z))lly

x - -
: A‘-FA o @ Toutouh & O'Reilly
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Evaluation Metrics mfk

% How to evaluate the generated samples?
< We cannot rely on the models’ loss

+“ A human cannot qualitatively evaluate the whole distribution of
generated data or an extensive representation of it

% A pre-trained model can be used to assess the quality of a
high number of samples

<+ There are a number of evaluation metrics [20]

% Inception Score (IS)

% Fréchlet Inception Distance (FID)

; ALFA = @ Toutouh & O'Reilly

Generative Adversarial Networks 29

Fréchlet Inception Distance me‘

3

% The Fréchlet Inception Distance (FID) score was proposed to
overcome the various shortcomings of the IS [8]

o

% Inception network is used to extract the feature maps from an
intermediate layer

D

» A multivariate Gaussian distribution learns the distribution of the
feature maps

< Mean and covariance for layer with real data r and generated data g
FID = ||y — pgI” + To(Br + By — 2(2,3,)"/?)

< Wasserstein-2 distance between multi-variate Gaussians fitted to data
embedded into a feature space

0

» Lowe FID represents better generative model

o

% Consistent with human perception, more robust to noise than IS, and
can detect intra-class mode dropping

A .
: AI-FA ™ @ Toutouh & O'Reilly

Generative Adversarial Networks 31
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Inception Score i

+» Well correlated with human perception
++ Use pre-trained model: Inception v3 trained on ImageNet-1K

+ KL-Divergence between conditional and marginal label distributions
over generated data [14]

% If the image x is recognized as y label, p(y|x) should have low entropy
- p(y|x) is evaluated with inception model

K3

% If model outputs diverse images, p(y) should have high entropy = p(y)
is calculated with marginal

IS(G) = exp ( Ex~p, Drr( pylx) [ 2(¥)) ),

+*+ Higher IS represents better generative model

+ It does not use the real training dataset

Generative Adversarial Networks 30

Course Agenda

+“ Generative Machine Learning

% Generative Adversarial Networks

+ Spatial Co-evolutionary GAN Training
+ Lipizzaner

+“ Questions & Discussion (1)

+ Hands-on experiments

% Questions & Discussion (2)
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LFA ‘. @@ Coevolution: Evolutionary Algorithms EL

« Evolutionary computation comprises a set of computational
methods (metaheuristics) that mimics biological evolution [5]

% They apply a mechanism analogous to natural evolutionary

| |
S patl a I processes, to solve search and optimization problems

+ They work with a population (of representations) of solutions

Co-evolutionary

+* natural selection (fitness)

GA N T ra i n i n +% reproduction (recombination and mutation)
g « genetic diversity

% They follow the idea of survival of the fittest individuals,

. . evaluating the fitness according to the problem to be solved,
Coevolutionary Computation through Sfitness function P

for Adversarial Deep Learning
Jamal Toutouh & Una-May O’Reilly

ALFA
AT (NE Toutouh & O'Reilly Spatial Co-evolutionary GAN Training 34

Coevolution: Evolutionary Algorithms GEELQ Coevolution EL

5

“ Evolutionary Algorithm % Coevolutionary algorithms were proposed to address problems with
complex structure [14], i.e., fitness depends on the context:

+*+ An evolved individual does not represent a complete solution of

. the problem
1. generation =0 Initialization P

2. population(0) = Create initial population % The evaluation of an individual is dependent on other individuals
3. while not stop criteria do P — (i.e., individuals are explicitly part of the environment)

1. evaluate(population(generation))

2. parents = selection(population(generation)) ‘ N ‘ ‘ -

. B L Evaluation Recombination|

3. off = b ts, babilit . . . Lo

2 gﬁ:gﬂzg _ ﬁzfaTe('p'zgﬁ;eTnztrzfas;%“iy;' ) < In biology, coevolution occurs when individuals of one or more

5. new_population = replace(offspring, population(generation)) Selection species refmprtocallly alffet(;t each other's evolution through the

6. generation++ process of natural selection

7. population(generation) = new_population Termination < Positive effect (mutualism/symbiosis), e.g. plants and insects

% Cooperative coevolution
+ Negative effect (predation/parasitism), e.g. foxes and rabbits

« Competitive coevolution

AV EA - AT EA -
AI‘ FA - (NE Toutouh & O'Reilly Spatial Co-evolutionary GAN Training 35 AI‘ FA - (NE Toutouh & O'Reilly Spatial Co-evolutionary GAN Training 36
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Coevolution mfk

% In competitive coevolution, a number of different species, each
representing part of a problem, cooperate in order to solve a larger
problem

“ In competitive coevolution, individuals evolve and are evaluated
based on direct competition against individuals of a different
species, which in turn evolve separately

One-vs-one All-vs-all

ALFA
AT (NE Toutouh & O'Reilly Spatial Co-evolutionary GAN Training 37

Coevolution Limitations me‘

% Focusing: The ability to focus on an opponent’s weakness can
provide an easy way to win. This may produce degenerate players
that over-specialize on opponents weaknesses, and fail to learn a
task in a general way - GAN mode collapse

« Loss of gradient: One population comes to severely dominate the
others, thus creating an impossible situation in which the other
participants are not able to learn > GAN diminished gradient

% Cyclic: One population loses the genetic knowledge of how to defeat

an earlier generation adversary and that adversary re-evolves >
GAN non-convergence

% As these limitations have already been broadly studied, literature
proposes a set of general remedies [4]

ANV EA .
AI— FA - (NE Toutouh & O'Reilly Spatial Co-evolutionary GAN Training 39
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Competitive Coevolution i

< Competitive coevolutionary algorithms have adversarial populations
(usually two) that simultaneously evolve solutions against each other
with members engaging in two-player games [11]

“ They employ fitness functions that rate a solution relative to its

adversaries and can sometimes be described as a zero-sum game
or, more generally, a minimax optimization

New Blue Generation

Populition Selection Variation
Candidate _ : High-performing  [—>| * Crossover
actions/strategies Evaluation candidates retained « Mutation
Candidates scored and ranked
according_ to fitness function
Popuiation dePen S osutation 1" —L Selection Variation
_Candidate _ High-performing  [~—>*| * Crossover
actions/strategies candidates retained - Mutation
'f New Red Generation f

“ In seminal work, more efficient sorting problems were produced by
engaging two populations, one of programs and one of tests, in a

competition [9] 38

Coevolution Limitations i

“ A general reason offered for these limitations is that, despite the
algorithm’s stochasticity, the populations lack sufficient solution
diversity to disrupt premature convergence in the form of an
oscillation or move the search away from an undesired equilibria

% Essentially, the population should serve as a source of novelty and a
genotypically or phenotypically converged population fails in this
respect

+ Solution diversity has been explicitly improved with competitive
fitness sharing, separation, e.g. a spatial topology, or a spatial
topology and temporal segregation

ANV EA .
AI— FA - (NE Toutouh & O'Reilly Spatial Co-evolutionary GAN Training 40
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Spatial Coevolution mfk

% A spatial (2D toroidal) topology is an effective means of controihhg
the mixing of adversarial populations in coevolutionary algorithms [10]

% The members of populations are divided up on a grid of cells and
overlapping neighborhoods (e.?., von Neuman) for each cell are
identified. A neighborhood is defined by the cell itself and its adjacent
cells and specified by its size, s

«+ Coevolution proceeds at each cell with sub-populations drawn from the
neighborhood
< It reduces the cost of interaction from O(N2) to O(Ns), where N is pop. size
< Each neighborhood can evolve in semi-isolation

Toroidal Grid MNeighborhood ny Neighborhood ng Neighborhood nyg

0 6
_ % North
|1 4 5 9 |10 | 11
4 5 6 7 9303 | 940 | Quds Wost | Contor | East
8 14
8 9 10 | 11 w& i
12|13 | af s | 9700l
dg=[d,, ..., ds]
N=4x4, m=4 Sub-Populations 41

Course Agenda

+“ Generative Machine Learning &
+ Generative Adversarial Networks
+«» Spatial Co-evolutionary GAN Training

+» Lipizzaner

+ Questions & Discussion (1)

+» Hands-on experiments

+“ Questions & Discussion (2)

43
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Coevolution and GANs, Reminding mi

“ GAN training can be seen as a two-player minimax game/problem
generator G(z) vs discriminator D(x)

++ Coevolutionary algorithms addressed similar issues in two-player
minimax optimization as GAN training

focusing, relativism or loss of gradient

+ Main idea: using competitive coevolution as a main framework to
train GANs [1,2,3,7,12,15,16]

Population of Population of
Generators Discriminators

ALFA
U L L NE Toutouh & O'Reilly Spatial Co-evolutionary GAN Training 42

LA (vep

Lipizzaner

= Coevolutionary Computation
" for Adversarial Deep Learning

Jamal Toutouh & Una-May O’Reilly
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Lipizzaner Ge_cfk :

< A spatially distributed, coevolutionary framework to train GANs
with gradient-based optimizers [1,7,15]

< Main features:

% It trains/evolves two populations, one of generators and one of
discriminators, by using a competitive coevolutionary algorithm

% The populations are distributed upon a spatial grid
<+ Asynchronous parallel training in each cell

< The learning rate parameter is evolved through the training
process

% At the end of the training process each cell contains a generative
model defined by an ensemble of the generators in the sub-
population

% The generative models are evolved (as well) to optimize the
quality of the synthesized samples, i.e., ensemble weights
evolution

1LEA .
AL FA - (NE Toutouh & O'Reilly Lipizzaner 45

Spatial Coevolution GAN Training mf’k

% For each cell, two sub-populations are defined by gathering the
individuals (neural networks) from the overlapping neighborhoods
(e.g., von Neuman or von Neuman)

i*[?"‘

= i:
§5

Toroidal Grid Neighborhood ng

Overlapping von Neuman =
neighborhood of cell i to ol ] | |°.’..°’ l
define sub-populations 8|9 |12

Bt
12 |13 [ 24| s ::::'gl" 3:;
N=dxd, m=4 Sub‘l;';:;;u‘abons
! @) O
O O
Qo @)

AL EA.
L FA - (NE Toutouh & O'Reilly Lipizzaner 47

Sub-population of
Discriminators;

Sub-population of
Generators;

994
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Spatial Coevolution GAN Training mi

% Instead of training a single GAN, Lipizzaner trains two populations;
a population of generators against a population of generators

++ Each pair generator-discriminator is located in a cell of a toroidal grid,
i.e., GANs are spatially distributed

3=
2

Spatlally Distributed COEA GAN
training framework

@ ©

Single-GAN
training framework

ALFA:
t - (VE Toutouh & O'Reilly Lipizzaner 46

Spatial Coevolution GAN Training mi‘

< Each cell performs in parallel the coevolutionary GAN training loop
for a given number of iterations (training epochs)

Sub-population of Sub-population of
Generators; Discriminators;

OOO
&Je)

1. Evaluation: All-vs-all

2. Select the best pair (center)

Parents @

3. Center GAN tralmng (SGD-based mutation)

oo @

« After each training epoch, the sub-populations are updated by
gathering the center GAN of the neighborhood cells

4. Update sub-population:
1. Replace center with offspring
2. Gather neighbors' center

AL EA.
L FA - (NE Toutouh & O'Reilly Lipizzaner 48
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Spatial Coevolution GAN Training secd

% The center GAN training consists of updating the weights of the
selected center generator and discriminator by using a number of
training data mini-batches

<+ The center generator is trained against a randomly chosen
discriminator from the sub-population

“+ The center discriminator is trained against a randomly chosen
from the sub-population
Sub-population of Sub-population of
Discriminators; Generators;

Qo OO
vs. |©Q o vs. O
0 o

< Gaussian-based mutation is applied to update the learning rate
after each training epoch

ol l' FA ] Toutouh & O'Reilly Lipizzaner 49

Ensembles evolution cecd

« Lipizzaner at the highest level searches for and returns a mixture of
generators e composed from a sub-population

« It evolves a mixture weight vector w for each neighborhood n using
an ES-(1+1) algorithm which optimizes for generator ensemble
performance (e.g., inception score or FID)

% The weight vector w is updated after For each cell

each training epoch

Generative model:
generators + mixture weights

@) @@ )@

(w' ] (w2] (we] (W] [we]

Sub-population of
Discriminators;

Sub-population of
Generators;

o @) @) P ‘ Sub-population of discriminators
o) &S (@@e@e
\Z

Qo Q
: Al‘ FA 4 @ Toutouh & O'Reilly Lipizzaner

—/
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Spatial Coevolution GAN Training ecd

% Coevolution and training algorithm is performed in each cell, a.k.a.,
CoevolveAndTrainModels

Input: r : Tournament size, X : Input training dataset, £ : Mutation probability, n : Cell neighborhood
sub-population, M : Loss functions
Return: n : Cell neighborhood sub-population

» Load minibatches

+ Evaluate all updated GAN pairs, Alg. 4
e Select using loss{ L) as fitness

» Loop over batches

12 B = getMiniBatches(X)

% i+ EvaluateGANPairs(B n)
% g d = tournamentSelect{n, ¢, )
+ for B e Bdo

5 ns += mutatelearningRate{ns, ) + Update neighborhood learning rate with with Gaussian mutation
3 d — getRandomOpponent{d) w Get uniform random discriminator
g forg € g do = Evaluate generators and train with SGD
& §,d = pickRandom{ M) = Random draw of loss function for each generator and discriminator
o Vg < computeGradient(g, d, B) = Compute gradient for neighborhood center
10 g+ updateNN(g, V, B) & Update with gradient

» Get uniform random generator
= Evaluate discriminator and train with SGD

1 g + getRandomOpponent(g)
[H ford & ddo

i g, d + pickRandom(M) = Random draw of loss function for each gy and di
" V.4 — computeGradient(d, g,) » Compute gradient for neighborhood center
15 d +— updateNN(d, V4, B) & Update with gradient

+ Evaluate all updated GAN pairs, Alg. 4
= Best generator and discriminator are placed in the center based on loss

16 b +—= EvaluateGaNPairs(B, n)
17 n = replaceCenterIndividuals{n, ¢}

15 return n

Toutouh & O'Reilly Lipizzaner 50

Lipizzaner global method

Input: T : Total generations, N : Population on grid cells, s : Neighborhood size, 8,4 : Parameters
for MixtureEA, fcopy : Parameters for CoevolveAndTrainModels
Return: e : ensemble of generators and mixture weights

: parfor k € [1,..., |N]|] do = Asynchronous parallel execution of all cells in grid

1

z ng, w, fi, + initializeNeighborhood AndMixtureWeights(s) & Uniformly random initialization of settings
3 for dot € [0,...,T] = Iterate over generations
" n, « copyNeighbars(k, s, N) » collect neighbour cells individuals for the sub-popul

5 0}« CoevolveAndTrainModels(ni,, Bcopy) = Coevolve GANSs using Algorithm 3
& ny — updaleNeighbnrhnodin;_. kN = Update neighborhood (population), ie. ¥

w, fw = MixtureEA(w, fu, i, FE4) » Evolve mixture weights, Algorithm 2
s end parfor

@ return ¢ = Best generator mixture

L] COEVOLVE EVOLVE
INITIALIZE =1 GET NEIGHBORS [ AND 1 MIXTURE
TRAIN MODELS WEIGHTS
. Voo o Stneration 1 ¥
FOR EACH CELL L] - BEST NEWGHBORHOOD
AND MIXTURE WEIGHTS
L L]
L COIVOLVE EVOLVE
INITIALIZE Lol ceTnocuBORS s AND = MIXTURE
TRAIN MODELS WEIGHTS
X Generation + 1 2 52
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Main Advantages Ge_cf’k :

o

» Fast convergence due to gradient-based steps

o

% Improved convergence due to hyperparameter evolution

RS

» Resilience due to coevolution and communication

oS

» Robustness due to the use of ensembles

0

% Improved samples quality and diversity due to mixture evolution

R3

% Scalability due to spatial distribution topology and asynchronous
parallelism

’ A LFA < @ Toutouh & O'Reilly

Lipizzaner 53

Improved Convergence me

% Experiment on MNIST dataset with Lipizzaner and SPaGAN
on different grid sizes

% Lipizzaner provides better results than SPaGAN

% As the grid size increase (larger populations), Lipizzaner B
converges to better generative models

Final results (FID)

SPatiN

N Lipzzanes
! '
‘
.
4 515

Lower is better

FID score

FID

20

33 ax M =
B ] F e NE Grid size
ALY @ Toutouh & O'Reilly Lipizzaner 55

996
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Faster Convergence &Ci“

“ Experiment on MNIST dataset with Lipizzaner variations (4x4 grid) [17]

% Lipizzaner 1 e
g < Spatial Parallel GAN (SPaGAN): 5| ™ = g
' no selection/replacement al L Lﬁ — PaGAN
el <+ Parallel GAN (PaGAN): 5
no communication ag

+ FID score evolution in the cells of a 4x4 grid
Epoch: 25 Epoch: 50 Epoch: 75 Epoch: 100

SPaGAN
Lipizzaner et “
- B B2 9% B 40
o ow ow oM om o 0B oa ou
FE =2 U ¥ ah
ALFA: @, i
o Toutouh & O'Reilly Lipizzaner 54

Resilience .;Eci‘

% Coevolution and exchange of individuals through the grid allow cells
to addresses vanishing gradient issues

“ For example, in the training epoch 50, there is a powerful discriminator
that does not allow a generator to learn in a cell of a 4x4 grid (the cell
shows a dark color to represent a high FID score)

Epoch: 50

CkmE & D
- j Weak Strong

“ In the successive epochs, with the exchange of the individuals plus the
selection and replacement process, the weak generator in the cell is
replaced by stronger ones. Thus, the cell can escape from that
pathological situation, and it can generate better samples (lighter color,
lower FID score) Epoch: 54 Epoch: 56

o 1 3 3

) i 0.1 2 3
"‘. vl FA NE Toutouh & O'Reilly Lipizzaner 56
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Robustness Ge_ciék -

< Ensemble (mixture) of generators overcomes mode collapse

<+ This extreme example shows four generators that collapse in each one of
the four modes of the training dataset. A mixture of these four generators

provides a generative model that can generate data samples of each
mode

wi Wi

9

A" FA NE Toutouh & O'Reilly Lipizzaner 57

Improved Diversity mfk-
< The use of evolved ensembles improves the diversity of the generated
samples [19]

< In this example, the diversity on MNIST dataset is evaluated in terms of
the Total Variation Distance (lower distance more diverse generated data)

Low diversity High diversity

TVD -
Diversity

No (single generator) 0.113

Yes (5 generators) 0.046

s L FA - (NE Toutouh & O'Reilly Lipizzaner 59
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Improved Quality Ge;i

% The following example shows the quality of the generated samples in
a 4x4 grid when using evolved mixture weights or uniformly
distributed mixture weights (i.e., the samples are generated by
mixtures created with the same generators but different weights)

Uniformly distributed
weights
i:ﬂﬂsasaiaﬁ'&mu
48 a0 37 - J§8 39 37 41

Bans g
y |« ENCH [0
2 o 1 2 3 0 1 H 3
< The use of evolved ensembles improves quality of the samples
(provide lower FID score)

ALFA
U L L NE Toutouh & O'Reilly Lipizzaner 58

Scalability se_ci

+ Spatial distribution in a 2D grid addressees the quadratic
computational complexity

+ Asynchronous communication

+ Deployed over workstations, cloud based, and HPC environments
% OpenStack, Google Cloud, AWS, Summit, MIT Satori, etc. [12]

Computational time per training epoch (iteration)
12,00

- I I I I I
4 16 25 36

=]
2

=
8

Minutes per iteration
= o
3 3

0,00
s : s Number of cells in the grid
ALFA: (@

Toutouh & O'Reilly Lipizzaner 60
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Research Over Lipizzaner

% Mustangs: For each training epoch, each cell randomly picks a loss
function to optimize the networks’ weights to increase the genotype
diversity

Loss functions
Pick & loss function
sandomly

o pON
L G » wp (58) =\ G |

N % N S
HEU f

<+ Data Dieting: As we have communication between cells, do we need
to replicate whole data among all the cells? Data diversity

ALFA - @ Toutouh & O'Reilly

Lipizzaner 61

Data Dieting mf’k

< Data Dieting: As we have communication between cells, do we need
to replicate whole data among all the cells? Data diversity [18]

% Signal propagation (in the form of network exchange) through the grid
allows the cells to exchange learning information

<+ Data diversity allows training the cells of the grid with subsets of the
training dataset

% The experimental results show that, with Lipizzaner, the cells can be
trained by using a lower amount of data

FID
=

=
&

Percentage of data used to train

| Single GAN

x - -
: A'-FA o @ Toutouh & O'Reilly

Lipizzaner-4x4 W Lipizzaner-5x5

Lipizzaner 63

ﬁeccg. ‘
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Mustangs seci A
< Mustangs: For each training epoch, each cell randomly picks a loss

function to optimize the networks’ weights to increase the genotype
diversity [16]

% Lipizzaner when using one of the following loss functions: binary
cross entropy (BCE-BCE), mean square error (MSE-MSE), and an
heuristic one (HEU-HEU). And a variant of Lipizzaner that
randomly picks one of these three loss functions (LOSS-DIV)

Loss functions

Pick a logs hunction 7o 3x3 grid __
randamly
L) ﬁ e N i

( G » b (U5E) == G, | ""°_-
\ I
4 ./ :

o % f — 0

HEU LOSS-DIV  DCE-NCE  MSE-MSE  HEU-HEU

» 5x5 grid

&

« LOSS-DIV increases the diversity and

provides better generative models —
(lower FIDs) =

.’ F LOSS-DIV BCE-BCE
SR @ Toutouh & O'Reilly ipi

Lipizzaner 62
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Course Agenda

% Generative Machine Learning

% Generative Adversarial Networks

+ Spatial Co-evolutionary GAN Training
+ Lipizzaner

% Questions & Discussion (1)

+ Hands-on experiments

Questions & Discussion (2)
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998
1G



Course Agenda

+» Generative Machine Learning

+ Generative Adversarial Networks

+» Spatial Co-evolutionary GAN Training
« Lipizzaner

+ Questions & Discussion (1)

+» Hands-on experiments

+ Questions & Discussion (2)

i & ALEA:
Massachusotts b Jt % - OL - . .

Institute of CSAIL
Technology

Coevolutionary Computation
for Adversarial Deep Learning

Jamal Toutouh & Una-May O'Reilly

65
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Course Agenda

% Generative Machine Learning

+ Generative Adversarial Networks

++ Spatial Co-evolutionary GAN Training
% Lipizzaner

+ Questions & Discussion (1)

+ Hands-on experiments

% Questions & Discussion (2)
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