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In a nutshell ...

What?
Translating shape, preserving style (colour, texture, etc)

e.g. across
digit classes
. E. . . .
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In a nutshell ...

What?
Translating shape, preserving style (colour, texture, etc)

e.g. across
digit classes
. E. . . .

How?
* Learn shapes independently

* Learn how to map the learned shapes w




Some history
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End-to-End

Steering Prediction
(2016 - 2017)

s BT



Previous Work ...

End-to-end Steering Prediction?

Given an image sequence — Predict a steering angle

Input: Output:
Image Steering Angle

'Heylen et al., “From Pixels to Actions: Learning to Drive a Car with Deep Neural Networks”. WACV'18.




Previous Work ...

End-to-end Steering Prediction?

Some Results
Data: Udacity & GTA-V Simulator

Regular only Recovery only Regular + Recovery
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'Heylen et al., “From Pixels to Actions: Learning to Drive a Car with Deep Neural Networks”. WACV'18.




Nice, but ...

Training Conditions (simulator) Testing Conditions (KITTI dataset)

Far from the testing conditions



Making simulation data

more realistic
(2017 - 2018)
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From the virtual world to reality

What?
Given simulated data — Bring it closer to testing conditions

;A

Grand Theft Auto V

How?
* Domain/image translation

* Generative Adversarial Networks (GANs)?!

Goodfellow et al., “Generative Adversarial Nets,” in NIPS 2014. w



From GTA-V to realistic images

- Original image examples from GTA-V (input)
- GAN + Wasserstein Loss
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Nice but...

Currently it is mostly about changing pixel colours,

What about the structure?
(shape of trees, models of cars, building architecture)




Translating Shapes,
Preserving Style
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Neural Style Transfer
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Lin et al.,, CVPR’18.




Proposed Method
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Proposed Method

How? (notion)
1- Learn how to model each domain independently.

ﬁ‘,‘,a‘éﬁ, VAE - domain A REC[:&Si}légCtEd
<
k=
] . - | |
[~]
=
Input Reconstructed
image image
=a)
£
<
12 i E |
=]
=

VAE - domain B

s BT



Proposed Method

How? (notion)
1- Learn how to model each domain independently.
2- Learn a translation function between the domains?.
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VAE - domain B

!Lejeune et al. , "A Data Driven Similarity Measure and Example Mapping Function for General, Unlabelled Data Sets", ECAI'16.



Proposed Method

How? (notion)
1- Learn how to model each domain independently.
2- Learn a translation function between the domains.

Input ; Reconstructed Translated
< im%ge VAE - domain A image image (B tw A)
£
<
=
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a

Reconstructed Translated
image image (At B)
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Proposed Method

Modelling Domain Information

- Learn how to model each domain independently.
— Through variational autoencoders (VAE)!

Input : Reconstructed
iml?lge VAE - domain A image

Domain A

D. P Kingma and M. Welling, “Auto-Encoding Variational Bayes,” in arXiv:1312.6114, 2013.




Proposed Method

Modelling Domain Information

- Learn how to model each domain independently.
— Through variational autoencoders (VAE)!

Input . Reconstructed

- iml?ige VAE - domain A image
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z~Dec(z)=p(x|z)

D. P Kingma and M. Welling, “Auto-Encoding Variational Bayes,” in arXiv:1312.6114, 2013.




Proposed Method

Modelling Domain Information

- Learn how to model each domain independently.
— Through variational autoencoders (VAE)!

Input . Reconstructed

- iml?ige VAE - domain A image

.E

|
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L

z~Dec(z)=p(x|z)

With latent space - sznc(a:)zq(zLB)

D. P Kingma and M. Welling, “Auto-Encoding Variational Bayes,” in arXiv:1312.6114, 2013.




Proposed Method

Modelling Domain Information

- Learn how to model each domain independently.
— Through variational autoencoders (VAE)!

Input Reconstructed
1mage VAE - domain A image

Domain A

i~ Dec(z)=p(z|2)
With latent space - sznc(a:)zq(z|:13)
Applying the Loss

Lvag=— Eqz)2) [logp(a:'|z)] +Dir (Q(Z|~T)||P(Z))

D. P Kingma and M. Welling, “Auto-Encoding Variational Bayes,” in arXiv:1312.6114, 2013.




Proposed Method
Shape Translation

- Learn a mapping function between the [shape] domains.
— Through an extended CycleGAN*

VAE - domain A

Input
image
<
g
e = &
<3
=] |

Recons
image

e — Applying the Loss
= H

EZﬁGAN(GenAa DiSA)—f—EGAN(GenB, D?:.S’B)
*Jmage "‘Acycle * Ecyc(GenAa GBRB)

+Xsim * Lsim (2, y, Gen g, Genpg)

Zhu, et al. “Unpaired image- to-image translation using cycle-consistent adversarial networks”, ICCV’17.




Proposed Method
Shape Translation

- Learn a mapping function between the [shape] domains
— Through an extended CycleGAN*

VAE - domain A

Reguimeed M — Applying the Loss
pEg =H

£=|CGAN(G€RA, DiSA)HEGAN(GenB, D?:.S’B)
+Acycle * Ecyc(GenAa GBRB)

e

+Xsim * Lsim (2, y, Gen g, Genpg)
Where:
Lcan(Gena, Disp)=Egcdom(a) [log(DisA(:c)]

+ Eyedom(B) [lOg(l —D?;SA(GGRA (y))]

- ensures the mapping between latent spaces is accurate

Zhu, et al. “Unpaired image- to-image translation using cycle-consistent adversarial networks”, ICCV’17




Proposed Method
Shape Translation

- Learn a mapping function between the [shape] domains.
— Through an extended CycleGAN*

VAE - domain A

Input
image
<
g
e = &
<3
=] |

Recons
image

e — Applying the Loss
= H

EZﬁGAN(GenAa Di84)+£GAN(G€nB, D?:.S’B)
i e "‘Acycle * Ecyc(GenAa GTEIRB—)l
+Xsim * Lsim (2, y, Gen g, Genpg)

Ecyc:EmEdom(A) [HGE,RB(GBRA(SE)) _. I||1]
+ EyEdom(B) [||GenA(GenB (y)) - ylll]

— ensures the cycle consistency to hold.

Zhu, et al. “Unpaired image- to-image translation using cycle-consistent adversarial networks”, ICCV’17.




Proposed Method
Shape Translation

- Learn a mapping function between the [shape] domains.
— Through an extended CycleGAN*

VAE - domain A

Input
image
<
g
e = &
<3
=] |

Recons
image

e — Applying the Loss
= H

EZﬁGAN(GenAa DiSA)—f—EGAN(GenB, D?:.S’B)
e Fct "‘Acycle * Ecyc(GenAa GBRB)
ﬂ +Xsim *sim (2, y, Gena, Genpg)

Where:

Lsim(z,y, Gena, Genp)=Eycqom(p) d(z, Gena(x))

=7 Eyédom(A) d(ya Geng (y))
- favours “good” translations.

Zhu, et al. “Unpaired image- to-image translation using cycle-consistent adversarial networks”, ICCV’17.




Proposed Method

Shape Translation
- Learn a mapping function between the [shape] domains.
— Through an extended CycleGAN*

— Applying the Loss

L=Laan(Geng, Disp)+Laan(Geng, Disg)
+Acycle * Ecyc(GenA, Genpg)
+Xsim *sim (2, y, Gena, Genpg)

- favours “good” translations.

1Zhu, et al. “Unpaired image- to-image translation using cycle-consistent adversarial networks”, ICCV'17.
2Wang et al., “Multiscale structural similarity for image quality assessment,” Conf.on Signals, Systems Computers, 2003.




Evaluation
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Evaluation

Translating digits in synthetic images
Color MNIST dataset?
~ 6.5K Images per digit class.

- Results
From ‘3’ to ‘1’ From ‘1’ to ‘3’

Input Observations

* The Color loss fails at
Color hist. preserving the style
distance

* The DSSIM loss tends
DSSIM produce blurry results
(lambda = 20) for lambda=20.
DSSIM
(lambda =5)

'https://www.wouterbulten.nl/blog/tech/getting-started-with-gans-2-colorful-mnist/




Evaluation

Translating digits in real images
SVHN dataset*
~ 7.3K images per digit class.

- Qualitative Results

Input Target classes

Observations
* Overall translation is good.

* For some classes, translation is
slightly blurry. (e.g. class ‘0’ & ‘6’)

%ﬂﬂtﬁﬂﬂ?ﬂuﬂ

!Coates et al., “Reading digits in natural images with unsupervised feature learning”, NIPS'11 Workshops.




Evaluation

Translating digits in real images
SVHN dataset*
~ 7.3K images per digit class.

- Quantitative Results
Use classification performance as a proxy metric

Classification performance from:
target class (a) (b) (c) (d) a) Original SVHI?\I test set.

0 96.39 | 85.09 | 65.95 | 75.68 b) Images reconstructed by the VAEs.
97.94 | 98.47 | 97.71 | 92.50 c) Translated Images from class ‘1’.

0561 | 95.64 | 92.74 | 95.81 d) Translated Images from class ‘2’.
02.68 | 9591 | 93.29 | 95.40
96.23 | 96.04 | 93.80 | 91.97
94.80 | 89.77 | 79.58 | 84.62
05.70 | 88.67 | 74.25 | 81.49
04.06 | 9495 | 84.37 | 89.47
93.07 | 86.57 | 73.41 | 82.28
0498 | 89.34 | 75.09 | 85.06
95.46 | 93.47 | 86.51 | 89.27

OO0 -1 Oy R D =

Z
%

!Coates et al., “Reading digits in natural images with unsupervised feature learning”, NIPS'11 Workshops.




Evaluation

Translating digits in real images
SVHN dataset*
~ 7.3K images per digit class.

- Quantitative Results
Use classification performance as a proxy metric

g | @ [ ® [ © @ Ot perormance fom:
0 96.39 | 85.09 | 65.95 | 75.68 b) Images reconstructed by the VAEs.
| 9794 | 9847 | 97.71 | 92.50 c) Translated Images from class ‘1.
2 95.61 | 95.64 | 92.74 | 95.81 d) Translated Images from class ‘2’.
3 92.68 | 9591 | 93.29 | 9540
4 96.23 | 96.04 | 93.80 | 91.97 Observations
5 94.80 | 89.77 | 79.58 | 84.62 * Performance is not uniform over the
6 95.70 | 88.67 | 74.25 | 81.49 classes.
7 94.06 | 9495 | 84.37 | 89.47
8 93.07 | 86.57 | 73.41 | 82.28
9 9498 | 89.34 | 75.09 | 85.06
Avg, 95.46 | 93.47 | 86.51 | 89.27

!Coates et al., “Reading digits in natural images with unsupervised feature learning”, NIPS'11 Workshops.




Evaluation

Translating digits in real images
SVHN dataset*
~ 7.3K images per digit class.

- Quantitative Results
Use classification performance as a proxy metric

s [ @ [ ® [ © [ © o e o
0 96.39 | 85.09 | 65.95 | 75.68 b) Images reconstructed by the VAEs.
| 9794 | 9847 | 97.71 | 92.50 c) Translated Images from class ‘1.
2 05.61 | 95.64 | 92.74 | 95.81 d) Translated Images from class ‘2’.
3 92.68 | 9591 | 93.29 | 95.40
4 96.23 | 96.04 | 93.80 | 91.97 Observations
5 94.80 | 89.77 | 79.58 | 84.62 * Performance is not uniform over the
6 95.70 | 88.67 | 74.25 | 81.49 classes.
7 94.06 | 9495 | 84.37 | 89.47 * Insome cases it is as good as on the
8 93.07 | 86.57 | 73.41 | 82.28 original images.
9 94.98 | 89.34 | 75.09 | 85.06
Avg. 95.46 | 93.47 | 86.51 | 89.27

!Coates et al., “Reading digits in natural images with unsupervised feature learning”, NIPS'11 Workshops.




Evaluation

Translating digits in real images
SVHN dataset*
~ 7.3K images per digit class.

- Quantitative Results
Use classification performance as a proxy metric

s @ T O Lo @ G e S
0 96.39 | 85.09 | 65.95 | 75.68 b) Images reconstructed by the VAEs.
| 9794 | 9847 | 97.71 | 92.50 c) Translated Images from class ‘1.
2 9561 | 95.64 | 92.74 | 95.81 d) Translated Images from class ‘2’.
3 92.68 | 9591 | 93.29 | 95.40
4 96.23 | 96.04 | 93.80 | 91.97 Observations
5 94.80 | 89.77 | 79.58 | 84.62 * Performance is not uniform over the
6 95.70 | 88.67 [ 74.25 | 81.49] classes.
7 94.06 | 9495 | 84.37 | 89.47 * Insome cases it is as good as on the
8 93.07 | 86.57 [ 73.41 | 82.28| original images.
9 94.98 | 89.34 | 75.09 | 85.06 * Low translations performance seems to be
Avg. 95.46 | 93.47 | 86.51 | 89.27 correlated with weak domain modelling.

!Coates et al., “Reading digits in natural images with unsupervised feature learning”, NIPS'11 Workshops.




Evaluation

Translating digits in real images
SVHN dataset*
~ 7.3K images per digit class.

- Quantitative Results
Use classification performance as a proxy metric

s | @ [ © ] © [ @ G e S
0 96.39 | 85.09 ] 65.95 | 75.68 b) Images reconstructed by the VAEs.
| 9794 | 9847 | 97.71 | 92.50 c) Translated Images from class ‘1.
2 9561 | 95.64 | 92.74 | 95.81 d) Translated Images from class ‘2’.
3 92.68 | 9591 | 93.29 | 95.40
4 96.23 | 96.04 | 93.80 | 91.97 Observations
5 94.80 | 89.77 | 79.58 | 84.62 * Performance is not uniform over the
6 95.70 [ 88.67 | 74.25 | 81.491 classes.
7 94.06 | 9495 | 84.37 | 89.47 * Insome cases it is as good as on the
8 93.07 [86.57 | 73.41 | 82.28] original images.
9 94.98 | 89.34 | 75.09 | 85.06 * Low translations performance seems to be
Avg. 95.46 | 93.47 | 86.51 | 89.27 correlated with weak domain modelling.

!Coates et al., “Reading digits in natural images with unsupervised feature learning”, NIPS'11 Workshops.




Take-home Message

* Transferring the structure while preserving the
style is possible - within simple scenarios.

 Background clutter poses a challenge on this type
of translation - further experimentation is required.
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There is Hope
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Here at ICIP'19 |
Embedded CycleGAN for Shape-agnostic Translation?

Proposed Model Some Results

Embedding

CycleGAN E. CycIeGAN Embedding
\ o

00000 Gt
00000 (omriny
00000 JobgTHANa%!
\ : / Embedding

! Longman & Ptucha., “Embedded cyclegan for shape-agnostic image-to-image translation”, ICIP’19.




Follow-up Work ...

Unpaired Shape Translation?!

Clothing translation Face translation
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1 Wang et al., “Unsupervised shape transformer for image translation and cross-domain retrieval”. ArXiv:12812.02134 .



Follow-up Work ...

Unpaired Shape Translation?!

Clothing translation Face translation

Cross-domain -
Image retrieval

1 Wang et al., “Unsupervised shape transformer for image translation and cross-domain retrieval”. arXiv:12812.02134 .
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