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Motivation

Need of huge amount of data

Distribution shift occurs
when trained on simulated
data



#
#
#
#

Problem Statement Simulated
image
e Givensimulated images,
generate realistic
looking images
Real



#
#
#
#

Dataset

e We have used Kitti and
Virtual Kitti Dataset to
generate image pairs

e 2126image pairs

Source

Image Pairs


#
#
#
#
https://europe.naverlabs.com/blog/announcing-virtual-kitti-2/
https://www.cvlibs.net/datasets/kitti/index.php
https://europe.naverlabs.com/research/computer-vision/proxy-virtual-worlds-vkitti-1/

Literature Review

We are trying to
achieve Image
Translation

Labels to Street Scene Labels to Facade BW to Color

input output

Aerial to Map

input N out input output

5 Day to Night Edges to Photo

input output input output input output

Pix2pix : Image-to-Image Translation with Source
Conditional Adversarial Networks
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https://arxiv.org/pdf/1611.07004
https://arxiv.org/pdf/1611.07004
https://arxiv.org/pdf/1611.07004

Literature Review

Autoencoder with euclidean
loss

Usually Blurry image

Hence use adversarial loss

Simulated
Image

Encoder

Decoder

Generated
Image
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Image Translation
Pipeline

Input: Image pairs
Output: Generated image

Architecture: Generator
and Discriminator

Image

Generator

Encoder Decoder Generated
Image
_\‘ .| Reall/
) Fake

Discriminator
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Unet based
Unet based
approaCh Generator

/
/

Simulated

Image

—

Discriminator

) Generated
| ) . 4// Image
Lifi =alll,

\‘ Real/
Fake
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Unet based
Generator

[ 100 200 300 400 500

Synthetic
Image

7

Source

Realistic Looking Image
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https://towardsdatascience.com/u-net-explained-understanding-its-image-segmentation-architecture-56e4842e313a

Discriminator:
Patch Gan

Instead of single output for whole
image we have outputs for each
patch

Improves the quality of generated
images

Reduces computational burden

Source
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https://jimchopper.medium.com/what-is-patchgan-e7e17a1c479a

Results

Unet Based
Unet GAN

Unet GAN Aug

RMSE|
0.180

0.196

Perceptual |
0.0482

0.0502

Inception?
3.510.24

2.73+0.09

FID Value|
259.86

307.30
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Generated Images

Input Image Ground truth

Generated Image
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Generated Images

Input Image Ground truth

Generated Image
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VIT based

VIT based Generator Generater

I

Decoder _,| Generated

e VIT model as Encoder

Image

. Simulated
e Generatesimage Image

latent representation

Fake

_j .| Real/

Discriminator
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VIT ba s e d Vision Transformer (ViT)

Generator M
I

Transformer Encoder

1 55 °

Norm
Transformer Encoder

:
I
I
I
I
I
I
e Uses Attention ‘ :
Mechanism “Embedaing > @ @5 @IS‘ @ISE& @I‘b “ @f] . Mulg Head
|
I
I
|

elé

* Extra learnable
[class] embedding Lmear Pro_,ectlon of Flattened Patches

NEE | | , |
mun—»l.lﬂ%ﬁﬁﬂ

Norm

4

Embedded
Patches

HIE

Source
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https://openreview.net/pdf?id=YicbFdNTTy

Decoder in
Generator

e Weusedecoder similar to
that of Unet architecture but
without skip connection
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Results

Model (Patch size 16)

VIiTGAN-Complex

ViTGAN-Color

ViTGAN-Aug

Model (Patch size)
ViITGAN-8

ViITGAN-16

ViTGAN-32

RMSE

0.151

0.169

0.165

RMSE
0.144

0.154

0.162

Perceptual

0.0388

0.0321

0.0365

Perceptual
0.0316

0.0515

0.0412

Inception

3.01+£0.25

2.66+0.18

3.10£0.29

Inception
3.19+0.19

2.80+0.12

2.99+0.39

FID Value

210.33

267.12

280.90

FID Value

191.85

252.30

283.78
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Generated Images

Input Image Ground truth

Generated Image

20
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Generated Images

Input Image Ground truth

Generated Image
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Swin Transformer
based Generator

Use of Swin
transformer for
generator

Image

v
lllll

Input

Output

rrcafin Transformer based

Generator

Generated

Image

Real
image

.| Real/

Discriminator

Fake
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Swin Transformer
based Generator

Variant of VIT with
hierarchical structure

¥ H o
8

8

Encoder

Linear Embedding

Swin Transformer

Patch Partition

Skip Connection
1/4

Linear Projection

W x H x Class

Block x2

Patch Merging

Swin Transformer

Skip Connection
1/8

Block x2

Patch Merging

Swin Transformer

Skip Connection
1/16

Block x2

Bottleneck

Source

Patch Expanding W x H xC(4x)
Swin Transformer Ex " xC
Block x2 44

_Patch Expanding
Swin Transf W H
Block x2 il
Patch Expanding
Swin Transf [xlx“.
Block x2 16 16
_Patch Expanding
Decoder
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https://medium.com/@ashishbisht0307/swin-transformer-based-unet-architecture-for-semantic-segmentation-with-pytorch-code-91e779334e8e

Swin Transformer
based Generator

segmentation y (-\-: —h

. . . ! J‘ !

classification  detection ... ' '

! 1 Layer 1+1 LM

(T Layer ayer : !
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(a) Swin Transformer (b) Shifted Window (c¢) Two Successive Swin Transformer Blocks

Uses concept of shifted window

Source
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https://user-images.githubusercontent.com/24825165/121768619-038e6d80-cb9a-11eb-8cb7-daa827e7772b.png

Swin Transformer
based Generator

Feature map Window partition Cyclic shift
Masked
E |—
MSA
l‘ G|_, | Masked
A MSA
| A Patch 3 -
[0 Alocal window to preform self attention Window layer

Uses Cyclic shift instead of padding for

efficient computation

Reverse cyclic shift
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https://www.researchgate.net/figure/Self-attention-computation-in-shifted-window-partitioning_fig2_372713327

Results

Swin (Window)
Swin (6, 6)

Swin (12, 6)

Swin-Color (12, 6)

RMSE
0.224

0.204

0.236

Perceptual
0.0600

0.0419

0.0484

Inception
1.79+£0.10

3.24%0.09

2.10+£0.12

FID Value
435.18

429.64

416.57
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Generated Images

Input Image Ground truth

Generated Image
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Generated Images

Input Image Ground truth

Generated Image
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Comparison

Model RMSE
ViTGAN-8 0.144
Swin (12, 6) 0.204

Unet GAN 0.180

Perceptual
0.0316

0.0419

0.0482

Inception
3.19+£0.19

3.24+0.09

3.5%0.24

FID Value

191.85

429.64

259.86
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Thank youl.
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