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Purpose of the study: Investigate the application of a genetic algorithm to find latent
vectors in the latent space of Generative Adversarial Networks,
that represent certain fashion styles, previously discovered by a
clustering model.



Why Generative Adversarial Networks?

 Generative Adversarial Nets (GANs) by Goodfellow et al.
* (Generative deep learning .
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Control of generative clothing design:
* encoding of a text description in the latent vector
* disentangling color, texture, and shape



Why Fashion Styles?

Fashion is a “a specific category of clothes (...) determine|[d] by a process of style
change” (Mackinney-Valentin, 2010, p.19).
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spatial and temporal relations
(Al-Halah and Grauman, 2020, p.12,15)



Why Evolutionary Search?

* evolutionary latent space exploration in GANs
(Fernandes et al., 2020)

 smoothness of |latent space (Bontrager et al, 2018)
* large entangled design space
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Research Question

Can a genetic algorithm guide a GAN’s generation of designs
towards a specific fashion style?



Task
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1) Discover fashion style clusters
2) Train a generative model
3) Find styles in the generative model’s latent space



Dataset
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Clothing partition of FashionGen
(Rostamzadeh et al., 2018)

* online webshop SSENSE

* plain white background and consistent lighting

conditions

* 196,248 images equally distributed across four

poses per outfit

. 2567 pixels resolution
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Pose 1 49,108
Pose 2 49,069
Pose 3 49,061
Pose 4 49,010
Total 196,248
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1) Style model
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ResNet50 GMM
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1) Style model

HE888

Residual Neural Network (ResNet)
 ResNet50 (Takagi et al., 2017)

* pre-trained on DeepFashion (Al-Halah and
Grauman, 2020)
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1) Style model

HEEE8 —

Residual Neural Network (ResNet)
 ResNetd0 (Takagi et al., 2017)

e pre-trained on DeepFashion (Al-Halah and
Grauman, 2020)

e penultimate embedding (2048-dim.) to
extract high-level, but not class-specific
“visual themes” (Matzen et al., 2017)
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1) Style model
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- GMM
Residual Neural Network (ResNet) Gaussian Mixture Model (GMM)
 ResNet50 (Takagi et al., 2017) e diagonal covariance matrix to identify style
 pre-trained on DeepFashion (Al-Halah and components (Matzen et al., 2077}
Grauman, 2020) * probabilistic model

e penultimate embedding (2048-dim.) to
extract high-level, but not class-specific
“visual themes” (Matzen et al., 2017)
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1) Style model

i | embedding(x) | —> . 3 ;» x‘x
2 3
GMM
Residual Neural Network (ResNet) Gaussian Mixture Model (GMM)
 ResNet50 (Takagi et al., 2017) e diagonal covariance matrix to identify style
» pre-trained on DeepFashion (Al-Halah and components (Matzen et al., 2077)
Grauman, 2020) * probabilistic model

* penultimate embedding (2048-dim.) to « posterior probability p, of belonging to

extract high-level, but not class-specific
“visual themes” (Matzen et al., 2017)
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1) Style model

* Pose 4 images

* 150 style clusters
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1) Style model
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2) Generative model
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2) Generative model

256 X 256
128 X 128

v v
csesemn G(2)
- 128x128
- 64x64 64 X 64
- 32x32 32 X 32
- 16x16 16 X 16
- 8x8 8 %8
- 4x4 4x%4
4 v v
? D(G(z)) D(x)
Progressively growing GANs (P-GANSs) (Karras et al., 2017)

e latent vector z ~ A (4 = 0,06 = 1) of length 512

 Wasserstein GAN loss with gradient penalty (WGAN-GP)
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2) Generative model
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2) Generative model
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2) Generative model
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2) Generative model
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2) Generative model
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2) Generative model
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2) Generative model
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2) Generative model
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3) Genetic algorithm
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3) Genetic algorithm (GA)
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Representation:

» latent vector z = (v, ..

« population of NV, individuals

pop

Fitness F, with regard to target style : f(z) = p(embedding(G(z)))
Objective: z* = arg max F,(z)
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selection
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., V) with v € R is an individual




3) Genetic algorithm (GA)

Representation:

» latent vector z = (vy, ..., V;) withv € R is an individual

« population of Np()p individuals

Fitness F, with regard to target style ©: f(z) = p,(embedding(G(z)))
Objective: z* = arg max F,(z)

4

Selection:

- Tournaments of size /V,; to choose IV,,,, individuals for the next generation

e additional V,;;,, best individual(s) preserved for next generation
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3) Genetic algorithm
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3) Genetic algorithm
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3) Genetic algorithm

Uniform crossover between replaces two individuals a and b (parents) with the children:

A\

a.=oaa;+ (1 —a)b, and b, =ab,+ (1 —a)a; with o = Bernoulli(0.5)

l

B

An individual participates in crossover by chance of crossover rate p.. .

N, ., individuals added to introduce new gene material.
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3) Genetic algorithm
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3) Genetic algorithm
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3) Genetic algorithm

mutation

Nonuniform mutation of individual Z:

zz=z+anoise ~ N(u=0,06=1) with @ = Bernoulli(0.5)

An individual participates in mutation by chance of mutation rate p, . ..
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3) Genetic algorithm
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Experiments

Constant GA parameters:

GA parameters under variation:
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Parameter Setting
Size of individual 512
N generationa 500
Netite l
Noew 10

Recombination operator
Mutation operator

uniform crossover (o = 0.5)

nonuniform mutation
(n=0,0=1)

Parameter Setting
Crossover rate p,., 0.7,0.9
Mutation rate p,,,. 0.2,0.5
Population size p,,, 100, 200
Tournament size py 3,6




Experiments

Runs for 5 style clusters

s Wil =

per parameter combination
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Comparison of parameter settings

Pmut — 0.5

Nts —

Ntszﬁ

N,op = 100
N,op = 200
N, = 100
N,op = 200

Pex = 0.7

Pez = 0.9

0.5491
0.3855
0.2

0.6021
0.6341
0.735

0.7043

0.2119
0.4028
0.2982
0.5248
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(c) Comparison of population sizes.
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(b) Comparison of mutation rates.
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(d) Comparison of tournament sizes.



Comparison to random sampling
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Convergence to local minima
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Convergence to local minima
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What does the machine see?
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What does the machine see?

« Human vs. machine understanding of fashion style

* | abelled style clusters
* |nteractive guidance of the evolutionary search
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Conclusion:

* Exploration guided by fithess in accordance with style clusters
with a genetic algorithm

* High fithess does not imply visual style similarity

* |Improvements required to achieve reliable and stable
performance



Outlook

Fashion Style

Popularity

>
< history — < future >

(Al-Halah and Grauman, 2020, p.4)

Generation in response to Algorithmic understanding of
temporal trend development fashion styles
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