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Challenges of Single Image View Synthesis

Challenge 1: Need to know depth
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Challenge 2: Inpainting missing regions
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Challenges of Single Image View Synthesis

Challenge 3: Outpainting missing regions consistently

12



Introduction

Experiments

Conclusion



Network

Support View QOutpainting
e Point Cloud

Output View 1 Depth
Module D

Alternate Views

Projector || ! 'jﬁi PR Y Torch 3D q {
T , M & ‘ Renderer 7 )
. R X

ReprOJ ection

Combined
Point Cloud

| TS

e el II. ‘ll
VQVAE |[||| Custom-order ||| VQVAE
Encoder Pixel CNN++ Decoder
U] A

Intermediate
View Rendering

Refinement : 1U

el ResNet  fummmns
Vodie . | =3

Output View N Output View i Output View 2 Image/Reprojection

15



Network

Depth .

Module D RS
Input Image

Alternate Views
Projector || . ; i (S Py Torch 3D | UU
’f/ ' Renderer
T X

Pomt Cloud, P ' Repro; ection

Custom-order
P1xelCNN++

— -
- -
o
- =
 S— —
Al
—_—
— =
=
.
=3
—_—
b
-
== [
et -
— —

Refinement

16



Network

Depth
Module D

Depth

Point Module

Cloud

Image

17



Network

Projector

x Alternate Views
n [

& ] “‘

g. P N PyTorch 3D l
o T P4 A5
» X .

(3 ‘
Reprojection

Point Cloud, P

I = 7w(C,p

Image Projector ..+ Target
Cloud pOsSe

18



Network

N e et ]| il

VQVAE VQVAE
Encoder PixelCNN++ || Decoder
HU’JU” AL I t_ 4 uL_;[_J\JH

19



Network-VOQVAE

e e.e, e,
Embedding |
Space |
|
|
| le(x) e, v_,L
| -
O VL | z (x)
» e, |
q(z|x) €, CNN |
CNN ©2 I
3 : o8 |
Z (x) ~ q(zlx)
z,(x) ” 2 z (x) : o(x) ~ q(z|
53
Encoder Decoder

20



Network-VOQVAE

512
e e.e, e,
Embedding |
64 codebook Spece :
|
|
| le(x) e, v_,L
| -
O VL | z (x)
» e, |
q(z|x) €y |
CNN e, |
3 : o8 |
Z (x) 2 2 z (x) : Z (x) ~ q(z|x)
53
Encoder Decoder

21



Network-VOQVAE

512
e e.e, e,
Embedd
64 codebook mspacemg :
|
|
| le(x) e, v_,L
| -
D VL | z (x)
» e, |
q(z|x) €y |
CNN e,
1 e |
3 » | z (x) ~
z,(x) ” 2 z,(x) : . q(z|x)
32x32x64 53 32x32x64
Encoder 32x32x1 Decoder

22



Network-VOQVAE

CNN

Encoder

512
e e.e, e,
Embeddin |
64 COdebOOk Space . |
|
|
| Zq(x) e, v'_L
| -
D vL | z,(x)
» e, |
q(zlx) e CNN |
e,
1 o |
3 ”» | -
Z (x) 2 2 z (x) : Z (x) ~ q(z|x)
32x32x64 83 32x32x64
32x32x1 Decoder

L = log p(x|24(z)) + [Isglze ()] — el3 + Bllze(z) — sgle] |12

= |[x — D(e)||3 + [|sg[E(x)] — e|l5 + Bl|sgle] — E(x)|3

reconstruction codebook commitment
23



Network-Custom order pixelcnn++

512

e e.e, e

1l Embedd
64 dictionary mspacemg

z (@) L

z,(x)

CNN
z,(x) ~ q(zlx)

ki

Z,(x) v 2

32x32x64 PO
Encoder 32x32x1

Context

’ = 24



Network

Refinement

Module R

25



Network-Training

Depth .

Module D RS
Input Image

Alternate Views
Projector || . ; i (S Py Torch 3D | UU
’f/ ' Renderer
T X

Pomt Cloud, P ' Repro; ection

Iv l'llll'l -llll'l -II
Custom-order ||| VQVAE
PIXCICNN++ Decoder

g

VQVAE
Encoder

Refinement . I Iin

— B —

26



Network-Training

Sl <l
VQVAE VQVAE
Encoder Decoder

o= Ll |

27



Network-Training

Depth .

ModuleD | “& T
Input Image

Alternate Views
Projector || . ; i (S Py Torch 3D | UU
0 & ' Rend
T N enderer

Pomt Cloud, P ' Repro; ection

Refinement

28



Network-Training

Depth .

Module D RS
Input Image

Alternate Views
Projector || . ; i (S Py Torch 3D | UU
’f/ ' Renderer
T X

Pomt Cloud, P ' Repro; ection

Iv l'llll'l -llll'l -II
Custom-order ||| VQVAE
PIXCICNN++ Decoder

g

VQVAE
Encoder

Refinement . I Iin

— B —

29



Network-Inference

Support View QOutpainting
In put Image

P(?int Cloud Depth

Module D

30



Network-Inference

Support View QOutpainting
Input Imag

&

C

Point Cloud

Depth
Module D

Projector

Point Cloud, p

Alternate Views

W
1
ot Y l“

o

&
PyTorch 3D ] ‘m
Renderer Py ,§~

Reprojection

31



Network-Inference

Support View QOutpainting

In ae

Point Cloud

i

Module D

Projector

Point Cloud, p

Alternate Views

U an
PyTorch 3D ] {l
‘ Renderer Fe ’i_f

-
16 <

tl *

Reprojection

I

VQVAE
Encoder

I

Pi

xelC

NN

Custom-order

g

(el

VQVAE
Decoder

| s

32




Network-Inference

Support View Outpainting
In ut Image

Point Cloud Output View 1 Depth
B m m ModuleD | &
: Input Image
A - Alternate Views &
Projector [ ’ﬂ A 3 U‘U
T ’4(/ ‘\' Renderer 7 )

Point Cloud, p ' Reprojection

| T

v ¢||III'| =l b ,II
VQVAE |[||| Custom-order ||| VQVAE
Encoder Pixel CNN++ Decoder
U] A

— =1 — 1

Output Image

33



Network-Inference

Support View QOutpainting

Inut Image

Combined
Point Cloud

-

Point Cloud

Output View 1

Depth
Module D

Projector

L A,
N

Input Image

Alternate Views

&
&
\;g

| S Py Torch 3D | {
4} 25
l‘\- o

Reprojection

VQVAE
Encoder

Custom-order

PixelCNN++
U] 1

VQVAE
Decoder

— = —

)
Image/Reprojection

34



Network-Inference

Support View QOutpainting
e Point Cloud

Output View 1 Depth
Module D

Alternate Views

Ve | PyTorch 3D l
1 <) 6
) X

ReprOJ ection

Projector

Combined T

Point Cloud

| TS

e el II. ‘ll
VQVAE |[||| Custom-order ||| VQVAE
Encoder Pixel CNN++ Decoder
U] A

Intermediate
View Rendering

Refinement

Output View N Output View i Output View 2

35



Introduction

Network

Conclusion



Experiments

Input Reprojection Appearance Flow SynSin  SynSin - Sequential SynSin - 6X SynSm 6X Seq Ours

RealEstate 10K

=
@]
q
B
>

37



Experiments

Input Reprojection Appearance Flow  SynSin  SynSin - Sequentlal SynSin - 6X SynSm 6X Seq. Ours
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Method Matterport  RealEstate
A/BTFID| A/BtFID|]

Tatarchenko et al. [45] 0.0% 427.0 0.0% 256.6
Appearance Flow [64] 19.8% 95.8 1.9% 248.3

Single-View MPI [47] - - 27% 74.8
SynSin [53] 14.8% 72.0 5.8% 34.7
SynSin - Sequential 19.5% 77.8 11.5% 349
SynSin - 6X 27.3% 704 22.0% 279

SynSin - 6X, Sequential 21.2% 79.3 14.4% 33.1
Ours - 56.4 - 255
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Input Reprojection Appearance Flow  SynSin  SynSin - Sequentlal SynSin - 6X SynSm 6X Seq. Ours

RealEstate 10K

=
5}
&
g
p=

Method Matterport RealEstate 10K
PSNR 1 Perc Sim | PSNR 1 Perc Sim |

Tatarchenko et al. [45] 13.72 3.82 10.63 3.98
Appearance Flow [64] 13.16 3.68 11.95 3.9
Single-View MPI [47] - - 1273 3.45
SynSin - 6X, Sequential 15.61 3.17 14.21 2013

Ours 14.60 37 13.10 2.88
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Experiments

No 3D Accum.

Sequential

A/B vs. Ours T
Method Matterport RealEstate1 0K
No 3D Accumulation 22.6% 7.5%
Sequential Generation 44.0% 36.2%

Ours -
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