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Outline
o
Overview of this work

Outline of the presentation

This is the work done by Yaxing Wang, Lu Yu and Joost van de Weijer, presented
at NeurlPS 2020 conference. The presentation is outlined as follows:

@ Problem statement.

@ Summary of the work done before mid-term review, and the major comments
given during the same.

@ Issues that occurred while implementing some of the comments, and the major
work that was done after the mid-term review.

@ Conclusions and possible future directions.
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Description of the work

Problem Statement

@ /2] translation is an application of Computer Graphics (CG), used in movie
industries widely (for e.g.: Morphing).

@ The proposed technique can be used to automatically translate
faces/objects between images.

@ Previous state-of-the-art method showed inferior performances when translation
between classes required large shape changes.

@ First to implement transfer learning framework using GANs.
@ They have done translation over 1000 classes in animal faces and food dataset.

@ Proposed hierarchical translation framework which extracts abstract semantic
information in the deep low-resolution layers of the network and structural
information from the shallow layers.
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Pre-mid term work done

Summary of work done before mid term review

Training Loss of G and D for Animals dataset
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Pre-mid term work done

Summary of work done before mid term review

@ Generated samples were not very
good.

@ Translated samples were more or
less of the same style, hence there
were issues of mode collapse.

@ Hyper-parameter tuning could be
experimented a bit.
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Comments
°

Comments and directions

Major comments given during the mid-term project review

Instructor:
@ New loss functions like SI-SDR, SSIM can be tried.

@ In the final presentation, the proposed modifications can be demonstrated with
new loss functions.

TAs:

@ Modification proposed includes working on a different data set and modification in
loss function.

@ Class names should be included in the images when displayed for translation.
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Addressal of comments

How the team has addressed the comments given during mid-term project
review

@ Instructor - New loss functions like SI-SDR, SSIM can be tried - experimented
with these loss function, but didn't give any significant results (added 1-SSIM in
Discriminator).

@ Instructor - In the final presentation, the proposed modifications can be
demonstrated with new loss functions - A different loss function is tried which was
integrated with discriminator. - Gives slightly better results!!

@ TAs - Class names should be included in the images when displayed for
translation - done.

@ TAs - New dataset could be tried in the final experimentation - done.



Addressal
o®0

Addressal of comments

On the new recommended loss functions

o Structural Similarity (SSIM) ! is a measurement of how degraded an image is, by
comparing two images.

e Scale Invariant Signal to Distortion Ratio (SI-SDR) 2 is used in speech
enhancement and source separation.

@ The issue is, these methods need two images to be present for comparing and
evaluating a deterministic output.

o For our output, the latent vector learns a distribution, by using a single activation
from the discriminator while computing the loss.

1Zhou et al., Image Quality Assessment: From Error Visibility to Structural Similarity (2004).
2Roux et al., SDR — HALF-BAKED OR WELL DONE? (2018)
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Addressal of comments

Proposed architecture

The reconstruction loss is computed by taking activations from the different layers of
the network.

A
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Figure 1: Left: the traditional form of conditional GAN (i.e., BigGAN) which contains the
generator ® and the discriminator W. Right: the proposed Deepl2] method based on
conditional GAN (left). The method consists of four terms: the encoder Y, the adaptor A, the
generator @ and the discriminator W. The encoder Y is initialized by pre-trained discriminator
(left), as well as both the generator ® and the discriminator ¥ by pre-trained GANs (left). The
adaptor A aims to align the pre-trained encoder YT and the pre-trained generator V.
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After Mid Term work

Work done after mid-term project review

@ System: 8 x NVIDIA GeForce RTX 2080 Ti GPUs with Intel Xeon Gold 6130 @
64x 2.101GHz processor, 5.4 TB space of solid-state drive, Ubuntu 18.04 LTS
Operating system and a main memory of 128 GB (RAM).

@ Training for Foods dataset took about 5 days for 98000 iterations, NABirds
dataset took about 10 days for 151700 iterations and Animals dataset took about
17 days for 367138 iterations.

@ The model consists of Generator = 70.43 M, Discriminator D = 87.98 M,
Encoder = 87.98 M and Adaptor = 87.36 M parameters.

@ Batch size of 4 was used, a learning rate of 1e-04 was used for the Generator and
a learning rate of 4e-04 was used for the discriminator.
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After Mid Term work

NABirds Dataset

@ The dataset is converted to .HDF5 format for faster pre-processing which is
required by this architecture, i.e., 128x128 sized images in binary.

@ This dataset is a collection of 48,000 annotated photographs of the 400 species of
birds that are commonly observed in North America.

@ Over 100 photographs are available for each species, including separate
annotations for males, females and juveniles that comprise 700 visual categories.

o Different types of eagles are shown below:

17/37



Outline Prob Stmt Work BM Comments
[e]e]

Addressal Final Work Concluding Remarks Future Work References Acknowledgements
[e]e] 000 [e]e] 0000 0008000000000 [e]e) [e]e] 000 000
After Mid Term work
sand R Fish o POl Short Tamango o Chow
ala amen chnitzel nac ols
Training Loss of G and D for FOOD dataset Finger Fry  Cake  Soup 5P
35

mein

— Gloss
30 = D Loss real
25
20 Rice
2
S1s
10 Eels
5
) Pilaf
o 20000 40000 60000 80000 100000
Epochs
Chicken-
egg-rice

Pork-rice

Beef
curry

sushi

Chicken
rice

Fried
rice




Outline Prob Stmt Work BM Comments Addressal Final Work

Concluding Remarks Future Work References Acknowledgements
[e19) oo 000 oo 0000 0000@00000000 00 o) 000
After Mid Term work
For Foods dataset (Our loss - Unable to generate properly)
Fish Potato  Short Tamango Chow
Training Loss of G and D for Foods dataset Solad  Ramen  Finger Schnizel Fry  Cake Soup Spinach Eels  mein

— Gloss
60
— D Loss real
50

Rice
2
S30
2 Eels
10
Pilaf
)

o 20000 40000 60000 50000 100000
Epochs

Chicken-
egg-rice

Pork-rice

Beef
curry

sushi

Chicken
rice

Fried
rice

@

19/37



Outline Prob Stmt Work BM Comments Addressal Final Work Concluding Remarks Future Work References Acknowledgements
[e]e] [e]e] 000 [e]e] 0000 0000080000000 [e]e) O

After Mid Term work

For Foods dataset (SSIM loss - Unable to generate properly)
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For NABirds dataset (SoftPlus loss - Good Results)
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After Mid Term work

For Animals dataset (Normal
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After Mid Term work
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Method Overview - Losses

Conditional adversarial loss employing GANs

Lago = EyNy [10g v (ya C)] + EchX,ZNp(z),CNp(C) [log(l -V ((I) (A (T (X)) y 4, C) 7C)]

Here p (z) follows the normal distribution , and p (c) is the domain label distribution.

Final loss is optimized by mini-max game

{T,A, 0,0} = argglg%mgxﬁadv.
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After Mid Term work

Losses

Reconstruction Loss- based on set of activations extracted from multiple layers of

discriminator W

Lreo= 3 atll¥ (x) = ¥ 3,
l

Here parameters «; are scalars which balance the terms, are 0.1 except for a3 = 0.01.
Note that this loss is only used to update the encoder T, adaptor A, and generator .

Full objective function of the model

min maxAgqyLady + Arecl
TAD adv*~adv reck~rec

R

Here both A,4, and A, are hyper-parameters that balance the importance of each
terms. -
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After Mid Term work

Final Results

RC 1 | FC T | mKIDx100 | | mFID |
Animal (Ori. Loss) 49.2 | 52.4 5.78 80.7
Food (Ori. Loss) 5.83 | 4.67 26.5 278.2
Birds (Ori. Loss) 3.24 | 5.84 30.5 301.7
Birds (Our Loss - SoftPlus) | 3.57 | 5.93 30.71 301.9

o Fréchet Inception Distance (FID) - similarity between two sets in the
embedding space given by the features of a convolutional neural network.

e Kernel Inception Distance (KID) - squared maximum mean discrepancy to
indicate the visual similarity between real and synthesized images.
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Concluding Remarks
°

Conclusions

Conclusions

@ GAN training can be an extremely difficult process and is prone to mode collapse
problem.

@ Designing of new loss function needs additional constraints apart from direct
theoretical derivations.

@ Successfully reproduced the code, tried new dataset and designed a loss function.
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Future work

Future directions

@ The SSIM and SI-SDR loss functions can be tried with VAE based Generative
networks (but getting comparable results might be very difficult).

@ The quality of the images could be increased more, like 1080x1080 px, by using
different up-sampling architectures.
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