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AN EXEMPLARY LEARNING PROBLEM - FASHION MNIST
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MNIST [LeCun et al., 1998] Fashion MNIST [Xiao et al., 2017]

e Define architecture _
_ o _ — Optimize loss on data
e Define objective / loss function
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Generative Modeling: a difficulty with hand-engineered losses

e hand-engineered losses are problematic, e.g.

MSE = (fi(z) —4:)° = —log L

(3

e MSE corresponds to isotropic Gaussian

L x exp (— Z (filz) — yz)Q)

2

e assumes independence and optimizes for mean!
— hence results in blurry images!

Possible Improvements \/
VAE [Kingma&Weliing, Rezende et al., 2014]

AR models [Bengio&Bengio, 2000]

Flows [Rezende&Mohamed, 2015]

Mode Mode

GANIS [Goodfellow et al., 2014]

(c) Context Encoder
(L2 loss)

Mean

[Pathak et al. 2016]



Generative Adversarial Networks [Goodfellow et al., 2014]

Real
Core Idea or Fake?

e simple noise prior p(z) / Discriminator \

e target: transform prior to to data distribution

p(G(2)) ~ pl) o

e solved via two-player game: Gegzzted
o  G: generate data from distribution - p(G(2))
o D: estimate probability of generated vs. real 1l |
data . !
( Real Data \ Generator /
Original Training Value Function p(z)

IIgII max V(D,G) = E.p.(z) [log (1 = D (G (2)))]
= Eo/opu(o) [log D(2')]

Urs Bergmann | Zalando Research



[Brock et al., 2019]

Generative Adversarial Networks

l i B

Advantages

no need for loss in image space
state-of-the-art image sampling/modeling

Difficulties & Limitations

implicit model - no likelihood & inference
training hard & unclear best objective
mode-collapse

no fine-grained control over output

fixed & limited output dimensionality

[61L02 “|e 1o seuey]

Selected Improvements

DCGAN [Radford et al., 2016]
WGAN [Arjovski et al., 2017]
WGAN-GP [culrajani et al., 2017]
SAGAN [zhang et al., 2018]
SN-GAN [Miyato et al., 2018]
StyleGAN (karras et al., 2018]
BIGGAN Brock et al., 2019]
Style GAN2 karras et al., 2019]

Urs Bergmann | Zalando Research
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Color Real
Estimation or Fake?

Discriminator

Disentangling Input Conditionals
[Yildirim et al., 2018]

Controls & Attributes

e Color Cc

o 3-dim, RGB Gfg:;:tsor
e Texture (local structure) t

o 512-dim T X — G(c’ t, S)
e Shape (mask) S

- ~-o

Real Images
o (128x128) .

- -

o embedded into 512-dim

Generator

Discriminator Loss (512-dim)

Texture Mask
(512-dim) as
_ _ Embeddi
max e — rIIl]et(\aNorllr(]g

“Conditional Image Synthesis With Auxiliary Classifier GANs //’ T~
N , [Odena et. al., 2017] ( Real Masks %
“Improved Training of Wasserstein GANs” N (128x128) /,'

[Gulrgjani et. al., 20177 Tt

Shape
(128x128)
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SWAP ARTICLES ON PEOPLE CAGAN [Jetchev and Bergmann, 2017]

' Positive Examples Negative Examples
Real/fake pair ? Real/fake pair ? Real/fake pair ?
D D D

imim

G
Blue Dress
Image
MISSING!
NO TRAINING DATA!




SWAP ARTICLES ON PEOPLE: CAGAN [Jetchev and Bergmann, 2017]
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Implicitly Learned Segmentation

Limitation

e fine details hard to learn
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unconditional model

conditional model

Configuring Pose & Outfits [Yildirim, Jetchev, Vollgraf, Bergmann, 2019]

[ Latent Vector ]

Style Vector

[ constant input ]

Affine #1
- f Progressive
Mapping Network
PPing H Generator
Affine #18
| Articles ) [ Heatmap |
[ constant input ]
<t AdalN
—1 Affine #1
| Progressive
[ : AdalN Generator
—{ Affine #18

Embedding
Network

[ Embeddings

][ Latent Vector ]

Mapping Network

Style Vector

Method

e extend StyleGan [Karras et al, 2019]
e condition on article & pose
embedding + random vector

Data

Urs Bergmann | Zalando Research



Configuring Pose & Outfits - Unconditional Model Results

TARGET

COLOR
SOURCES

POSE
SOURCES
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Outfit #1

Outfit #2

Configuring Pose & Outfits - Conditional Model Results

Urs Bergmann | Zalando Research
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Starting out probabilistically: DeepAR model isaiinas et al., 2017

—h_0 = 0-p

LSTM

—h_1-p

Distribution
for Sales Observe/Simulate

""""" 1

E |

1 |

time indep.

cov - ——————

—h_t-1-»| LSTM - - = =h_t |

A A
' |
time dep. |
Sales cov
t-1 t-1 L e e - = -
17

i
Distribution |

———————————————— ~»| LSTM |= h_t+1 -»

| for sales |
| t+1
_______ J
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Starting out probabilistically: DeepAR model

—h_0 = 0-p

LSTM

—h_1-p

training:
loss is log likelihood of
observed value

r
Distribution |

Distribution
for Sales Observe/Simulate | for sales |
------- 1
t | t+1
| _______ J
A | A
time indep. |
cov R
| |
—h_t-1-»| LSTM |- = = =h_t= - - _l ------------ | LSTM |- h_t+1 —»
A A A A
| | r-- f B - 1
l | |
P T T T A e o
time dep. | | time dep. |
Sales cov | Sales | cov
t-1 t-1 L e e - > t | t |
. JI _____ J
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Starting out probabilistically: DeepAR model

—h_0 = 0-p

LSTM

—h_1-p

inference:
sample from distribution to
get quantiles etc.

r
Distribution |

Distribution
for Sales Observe/Simulate | for sales |
------- 1
t | t+1
| _______ J
A | A
time indep. |
cov R
| |
—h_t-1-»| LSTM |- = = =h_t= - - —| ------------ | LSTM |- h_t+1 —»
A A A A
| | r-- f B - 1
| | |
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Simulator runs for two articles
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Starting out probabilistically: DeepAR model isaiinas et al., 2017

Distribution

for Sales Observe/Simulate

t

A

time i
co

=hii0i= D—»—h_l—» o —h_t-1-| LSTM |- = = -h_t

]

Sales
t-1

Limitations

time dep.
cov
t-1

e distribution needs to be specified

e time-series modeled independently
o no article interactions!

21
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Learning a multi-variate distribution: RealNVP [pinh et al., 2016]

Idea

e for all bijections f it holds
0
px (z) = pz(f(z)) |det ( g;f?)‘

e affine coupling layer
{ylzd = T1:d
Yd+1:D = Td+1:D © €Xp (8(331:4)) + t(1:q)
e inverse of coupling layer

i, {-led = Y1.d
Td+1:D — (yd-}-l:D a t(ylzd)) © exp ( i s(ylzd))

22
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RealNVP [pinh et al., 2016]

Why is this great?

e affine coupling layer
{ylzd = T1:d
Yd+1:D = Td4+1:D © €xXp (3($1:d)) + t(mlzd)
e has Jacobian

oy 5 Lq ;
BaT — | g diag (expls (z1a)])

e efficient to calculate!

23
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Conditioned Temporal FIOws [rasul et al., 2020]

® K ®
z_t |«—|Batch|«—|Coupling|« — —|Batch|«—|Coupling|«—| x_t
— |Norm |——»| Layer — —»|Norm |—» | Layer —>
A A A

—h_t-1—»|RNN |—h_t—>»

e combine autoregressive model (e.g. LSTM) {
with conditional Flow model con | X_t-1]]c_t-1

e |earns distribution model from data
e able to model interactions of time-series

zalando
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Performance on real-world data sets

Table 1. Test set CRPSsum comparison (lower is better) of models from (Salinas et al., 2019) and our models GRU-Real-NVP,
GRU-MAF and Transformer-MAF. The two best methods are in bold where the mean and standard errors are obtained by re-running

each method three times.

Vec—-LSTM Vec-LSTM GP GP GRU GRU Transformer

Data set . . .

ind-scaling lowrank-Copula scaling Copula Real-NVP MAF MAF
Exchange 0.008+0.001 0.007+0.000 0.009+0.000 0.007+0.000 0.0064+0.000 0.005+0.001 0.005+0.001
Solar 0.391+0.017 0.319+0.011 0.368+0.012 0.337+0.024 0.331+0.02 0.315+0.023 0.301+0.014
Electricity 0.025+0.001 0.064+0.008 0.022+0.000 0.024+0.002 0.024+0.001 0.0208+0.000 0.0207+0.000
Traffic 0.087+0.041 0.103+0.006 0.079+0.000 0.078+0.002 0.078+0.001 0.069+0.002 0.056-+0.001
Taxi 0.506+0.005 0.326+0.007 0.183+0.395 0.208+0.183 0.175=+0.001 0.161+0.002 0.179+0.002
Wikipedia 0.133+0.002 0.241+0.033 1.483+1.034 0.086+0.004 0.078+0.001 0.067+0.001 0.063+0.003

® zalando
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CONCLUSION

. Generative Image Modeling
e supervised losses + deep learning work excellent on many tasks

e extension of conditional GANs allow conditional image creation
for real-time fashion exploration

e GANs allow generation of data even in face of lacking training
data

Time-Series Modeling

e Combining Flows with AR models yields powerful multi-variate
time-series models

® zalando
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