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Photorealistic Image Synthesis

The Renderind=quation Kajiya86]
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Need 3D Content for Rendering

Geometry Textures Material & Lighting
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Computer Vision as Inverse Graphics

LD X? wD! A? t
an we invert the Rendering Equation?

S
$3935<

o
7

W 77
L //,’

e

i
il
.%‘:‘3\““'!'1'1‘*“:"’3’)7/ /
77
WWssari 7z
i

Ry

V4

L7
e
R
SR
et ey
0o %%
et

&

L7
729 4
=y
L
LA
e,
2oL
2222,
a'b.‘o’.
S5222
e
=

277

LI AT

L2 T
7
2
22
2%

e

2

22
e
e

=

2

s
27
2

%
e
.
g
S

%

Z
7

Z

Y

7
o

<
——

o

1331
irgeattin]
ey
ity

';;l:,;':,;;l:,;'l,,
il

e

N
X

N
R
N

N
D
SOS
X

Qe
S
SR
R
X
R

S
R
O

R

0
R
R
‘\

R

S s eeei

O
X
R

N RGBSV

SN
S

—

S
—y
“\\.

5
JeN
1
PN
R

R
N

S0

e
i
XX
W
R

<
WY
S

.

SRS
!
IR
RS

N \\‘\.\‘

o
75
o
S
S
S
TLTTITURRRRS
SN

S
S8,
SN

S,

%
3
N

7
54
7
25
R
oS
=

R

2
st
=
SR
IR

S
e,
=
s
5
X

7
=

7
<
SE
e
3

=z
A
RN

s

=
L
=
%
=S,
oS

TEIETENGR

AWy
Ly

2ty

N
NN
\\\\\‘\\ INRSANY

NN

SR

s Ill'l'l’"”
oer ey A1
eostener ity
AT LI
orrratss
XA 77772
AT
s
02

N
N
N

RN

NS,
N
R

N

7’ MY
o)

I
&




Computer Vision as Inverse Graphics
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Priors: Parametric Face Model

Face Database

@Q@

> < Expression Database

ﬁ@@@

[Blanzand Vetter 99BlendShapes
[Alexander et al. 09/10] Digital Emily
[Chenet al. 14]FaceWarehouse
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Parametric Face Model

Rigid Pose
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Siggraph sa’As|[TRieset al]: FaciaReenactment



Parametric Face Model

Shape ldentity
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Siggraph sa’As|[TRieset al]: FaciaReenactment



Parametric Face Model

Material / Reflection
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Siggraph sa’As|[TRieset al]: FaciaReenactment



Parametric Face Model

Expression Parameters
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Siggraph sa’As|[TRieset al]: FaciaReenactment



Parametric Face Model

Lighting Parameters
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Siggraph sa’As|[TRieset al]: FaciaReenactment



C

Parametric Face Model

|dentity
Geometry Albedo

Expression

llumination

Siggraph sa’As|[TRieset al]: FaciaReenactment



Parametric Face Model

O (@) g

LvEr Tw(QmalcThieset al]: Face2Face



Fitting Parametric Model to RGB Image

e ()

LvEr Tw(QmalcThieset al]: Face2Face



Analysisy-Synthesis

Given Parametric Modeb (0)

1. Render) with parametersd
2. Compute diffbetween rendering antarget; i.e.,;O 0
3. Updated My ; e.g., using differentiable renderer

4. If (diff >thresh)GOTO 1

LvEr 1 w(QmalcThieset al]: Face2Face



Inverse Rendering with AnalybysSynthesis

e ()

LvEr Tw(QmalcThieset al]: Face2Face



Inverse Rendering with AnalybysSynthesis

Y 1 ‘ kX Distance in
(XU) | O (U ), RGB Color Space
J
Color / /
Consistency ; T

LvEr Tw(QmalcThieset al]: Face2Face



Inverse Rendering with AnalybysSynthesis

o) |'O (6), l'O (6)'

Color Feature Distance in
Consistency  Similarity Image Space

------ '.
o

LvEr Tw(QmalcThieset al]: Face2Face




Inverse Rendering with AnalybysSynthesis

o) O (V) O @) O U

Color Feature

. o Regularization
Consistency Similarity

-
U
@)

_ ~

LvEr 1 w(QmalcThieset al]: Face2Face



Inverse Rendering with AnalybysSynthesis

o) O (V) O @) O U

Color Feature

. o Regularization
Consistency Similarity

- Coarseto-fine GaussNewton optimization (IRLS)

- Gradients through differentiable rendering

LvEr 1 w(QmalcThieset al]: Face2Face



Inverse Rendering with AnalybysSynthesis

! ,

LvErt 1w(QmalcThieset al]: Face2Face



3D Model + Imagbased Rendering

Modiied g . .y
Face A |
Model kg (—

Siggraphsa’As|[TRiesg al]: FaciaReenactment




3D Model + Imagbased Rendering

Imagebased mouth retrieval

LvEr Tw(QmalcThieset al]: Face2Face



3D Model + ImagbasedRendering
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Siggraph sa’As|[TRieset al]: FaciaReenactment



FaciaExpression Transfer

Siggraphsa’As|[TRiesg al]: FaciaReenactment



FaceZ2Face

% |

Naid

Soe | "THE REMOVAL OF SADDAM HUSSEIN WAS RIGHT DECISION®
Pres. Bush reflects on the Iraq War

LvErt 1w(QmalcThieset al]: Face2Face



HeadOn Reenactment of Portrait Videos

Source Actor

é
\

Reenacted Output

Reenacted Proxy
figh 33 NIThigiseDak]yHeaoOn



HeadOn Reenactment of Portrait Videos

Source Actor

é
\

Reenacted Output

Reenacted Proxy
figh 33 NIThigiseDak]yHeaoOn



HeadOn Reenactment of Portrait Videos

Source Actor

» -
s:“_

i

Reenacted Output

Reenacted Proxy
figh 33 NIThigiseDak]yHeaoOn



HeadOnReenactmenbf Portrait Videos

Source Actor

Reenacted Output

Reenacted Proxy

£ih =3 NIThigkeDah)yHeadOn



Analysisy-Synthesis

Parametric model needs to be flexible
-> there needs to be@that re-creates captured RGB input

Optimizable )
-> Must be able to find good optimum in energy landscape

Incompleteness
-> |mage-based tricks to fix 3D artifacts are unsatisfactory



Generative Neural Networks



GenerativeNeural Networks

Overparameterized models
-> can recreate input



GenerativeNeural Networks

Overparameterized models
-> can recreate input

Discriminator loss j(P) — 1JE log D(x) — %Ez log (1 — D (G(2)))

o 5 ZL~Pdata

Generator loss  J(©¢) = _ (D)

GANs Goodfellowet al. 14], Pix2Pix [Isola et al. 1IPjoGANKarrasS i F f & My 8 3



GenerativeNeural Networks

Overparameterized models
-> can recreate input

No explicit no control | A
- Struggle with videos Discriminator loss J(?) = — L log D(z) — %Ez log (1 — D (G(2)))

b |V
2 Pdata

Generator loss  J(©¢) = _ (D)

GANs Goodfellowet al. 14], Pix2Pix [Isola et al. 1IPjoGANKarrasS i F f & My 8 3



Conditional GANs

Conditioning Input

>

Target Video

Input Target Parameters E
o
e ™ = S
c Ilumination dified - . . .
= 2 : Modified Parameters = Rendering-to-Video Translation Network Fully Controlled
E § J\ Identity (full head reenactment) =l e N\ Output Video
o
c B 4 Pose lllumination GPU
] Expression g
Q c
= 3 : \dentity Renderer 3
es c
\ y y Pose 3 —| | Space-Time Image
@
\ _ £ — Encoder Decoder
Expression ©
Eyes
g . J

figer=a 3 NIKindk&t @l Deep Video Rortrait:



Target Video

Source Video

Conditional GANs

Conditioning Input

Input Target Parameters E :

4 N . S

c llumination dified - . ) ]
= 2 ; Modified Parameters ° Rendering-to-Video Translation Network Fully Controlled
S5 S Identity (full head reenactment) =l e ~\ Output Video
8 & Pose
& e ]/ lHlumination GPU o
s 8 Expression : Renderer 2
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Source Parameters

figer=a 3 NIKindk&t @l Deep Video Rortrait:



Conditioning on Face Reconstruction

Source Sequence Conditioning Images Result

Neural Network converts synthetic data to realistic video

figer=a 3 NIKindk&t @l Deep Video Rortrait:



Conditioning on Face Reconstruction

Source Sequence Conditioning Images Result

figer=a 3 NIKindk&t @l Deep Video Rortrait:



Conditioning on Face Reconstruction

Source Sequence Conditioning Images Result

figer=a 3 NIKindk&t @l Deep Video Rortrait:



Video Editing

figer=a 3 NIKindk&t @l Deep Video Rortrait:



OthercGANSs



OthercGANSs

- cGANwswork with different input

- Requires consistent input
l.e., accurate tracking



OthercGANSs

- cGANwswork with different input

- Requires consistent input
l.e., accurate tracking

'
Source to Target 2 Result
[Chan et al. 18] Everybody Dance Now




OthercGANSs

- cGANwswork with different input

- Requires consistent input
l.e., accurate tracking

'
Source to Target 2 Result
[Chan et al. 18] Everybody Dance Now




OthercGANSs

- cGANwswork with different input

- Requires consistent input
l.e., accurate tracking

- Network has no explicit 3D notion

'

Source to Target 2 Result
[Chan et al. 18] Everybody Dance Now




Videos still challenging foGANX

Pix2Pix [Isola et al. 2017]

ABC ; ) vwxy .
per,S'J\ﬁ »
O EFGHIIKL

Y0PORSTUVWXYZ

JBCDEFGHIJKLM
OPORSTUVIWX Y 7,
OSPEEGHT K
AOPQRSWWWX



DeepVoxelsExplicit 3D Features

2D Feature
Extraction 3D Featurs Rendering

Lifting Laye

Projection Lay
3Dmp 2D

2Dmp 3D
Zii 1 Output
Source Target
ViewR, t ViewR, t

Simplified overview for novel view synthesis

[\t 1w(Qr M) dSitzambankst &) (Deep\oxels



DeepVoxelsExplicit 3D Features

Pix2Pix [Isola et al. 2017] DeepVoxels (Ours)

LvER 1w QM) dSitzainaniket al ] (Deepvoxels



Neural Textures: Features on 3D Mesh



Neural Textures: Features on 3D Mesh

3D Geometry

Neural Texture

{igh a3 NI Thigse® ah)gNewoal Fexture:



Neural Textures: Features on 3D Mesh

3D Geometry UV -Map

Neural Texture

Sampled Texture

fidhra 3 NIThigse® ah)cNewbval Fexture:



Neural Textures: Features on 3D Mesh

3D Geometry UV -Map

Renderer Output Image

Neural Texture

Sampled Texture

fidhra 3 NIThigse® ah)cNewbval Fexture:



Novel ViewPoint Synthesis

Input UV -Map

fighrab 3 NIThigse® ah) N ewoal Fextures



e
-

‘Novel ViewPoint Synthesis

Ground Truth

fighrab 3 NIThigse® ah) N ewoal Fextures



Input
Sequence

Geometry
Editing

Scene Editing

fighra3 NIThigise® ah)gNewoal Fextures



Scene Editing

fighrab 3 NIThigse® ah) N ewoal Fextures



Scene Editing

fighrab 3 NIThigse® ah) N ewoal Fextures



Facial Animation

Animation Synthesis

»
S
O
<
)
3]
=
=
Q
/)]

D TRUMP ON BEST & WORST PRESI
i

. }
-
-

-

fighrab 3 NIThigse® ah) N ewoal Fextures



Facial Animation

Animation Synthesis
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Facial Animation

Animation Synthesis
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Facial Animation

Animation Synthesis
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Facial Animation

Animation Synthesis
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Deferred Neural Rendering

Animation Synthesis
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Deferred Neural Rendering

Animation Synthesis
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Conditioning on Audio: Neural Voice Puppetry




Audio to Video

German News Video

English Audio

[Thieset al. 19: Neural Voice’ Puppetry



Neural Voice Puppetry

Extracted Audio Expression Intermediate Video Output
. Feature Expressions Basis 3D Model

Audio DeepSpeech _

Input RNN ‘ , | /T
g e ) |
= :
c &
g
& % [ eoe Neural
- B
il Renderer
3 l
x | L

generalized specialized

[Thieset al. 19: Neural Woice’ Puppetry



Neural Voice Puppetry

Extracted Audio Expression Intermediate Video Output
Feature Expressions Basis 3D Model
1 = ‘
g ::"S‘;»‘.
=
—
S
g Neural
S
il Renderer
°
s
SP
i
generalized specialized
g d §
2 &
£ 21211 = BB
£ 2hl 2l G RE
g S E LS
& =M
g °
8 3
<<

[Thieset al. 19: Neural Voice’ Puppetry



Neural Voice Puppetry

Extracted Audio Expression Intermediate Video Output
Feature Expressions Basis 3D Model -
= = . . T
Z'
c G|
TR
£ n o eee Neural
~ N
P Renderer
o i =
3 =
= ’ u
generalized specialized

Personspecific
Blendshapd=xpression Model

[Thieset al. 19: Neural Woice’ Puppetry



Neural Voice Puppetry

AudioZ2Expression Training

Extracted Audio Expression Intermediate Video Output
. Feature Expressions Basis 3D Model

Audio DeepSpeech '

Input RNN = ] T
R ’ :
= -
c i
g %® 000 1_ Neural
o
X : Renderer
: B -
5 : = -

generahzeﬂ spec1allzea

[Thieset al. 19: Neural Woice’ Puppetry



Neural Voice Puppetry

Extracted Audio Expression Intermediate Video Output
. Feature Expressions Basis 3D Model

Audio DeepSpeech _

Input RNN ‘ , | /T
g N ) /
=
c &
g
g % [ eoe Neural
- B
il Renderer
W l

generalized specialized

[Thieset al. 19: Neural Woice’ Puppetry



Neural Voic&uppetry: Audio to Video

Audio Input ))

Video Output

[Thieset al. 19: Neural Woice’ Puppetry



Many RealWorld Applications
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https://www.synthesia.io/

SynthesiaLip Sync
synthesia
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https://www.synthesia.io/

SynthesiaLip Sync
synthesia
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https://www.synthesia.io/

SynthesidDubbing https://www.malariamustdie.com/



https://www.malariamustdie.com/

