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After this seminar..

* Neural rendering

* Application: Neural rendering + Human body/face models



Neural Rendering

 Computer Graphics + Machine Learning
* Generate photo-realistic imagery in a controllable way

 Computer Graphics

Material

Ambient * Diffuse + Specular = Phong Reflection

Phong Shading

Real world scene

Camera parameters



Neural Rendering

* Machine Learning
e Universal function approximator
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Neural Rendering

* Scene representation

comra Tl Implicit Surface Representations

Polygon

Explicit Surface Representations

Control Point

Surface Representations
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Pointclouds Polygonal Meshes Explicit Surface Function Parametric Surface Function
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Neural Rendering

* Representing Surfaces

Pointclouds

 Why implicit surface representation?
* Memory efficient
* Continous
* High resolution




Neural Rendering

* Representing Volumes
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Image Formation

* Rendering

Representation Rendering

Rasterization Ray-casting



Human Modeling

e SMPL Model

= Vertices

Tr(8,0) = T+ Bs(A)+Br@) 6 P
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* Blend Skinning
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* Blend Shapes

Pose blend shape Blend Skinning
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T+Bs(B)+Bp@) (@ W(Tr(B,0),J(B),0,W)



https://youtube.com/clip/Ugkxt1ge6SjA8VDGi9tIXcn9dKNbVO5e0ifF

Human Modeling

* SMPL Parameters
* Shape (f)

e Pose (0)




Human Modeling

* SNARF : LBS + implicit surface

* Mesh representation has limitation
* Resolution-to-memory ratio

* Fixed topolgy

SNARF results

.

SMPL model (Mesh)



Human Modeling

* Backward Skinning vs. Forward Skinning

Canonical Space | Deformed Space | | Canonical Space | Deformed Space
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Human Modeling

* Modeling overview

Find x*, s.t. J E
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* Shape
* Occupancy probability "
fo, 1R x R™ — [0, 1]. (1)
S ={x| fs;(x,p) = 0.5}. (2)

Result of occupancy network



Human Modeling

* Forward Skinning

* o(x,p) = f(x*,p)
. x* A 7|

_ Canonical Space . Deformed Space

Canonical Space Deformed Space

Forward
> ™



Human Modeling

* Correspondence Search

daw (X, B) —x' = 07 (5)

* No closed-form solution
* Newton or quasi-Newton methods

* Handling Multiple Correspondence

X" ={x; | [[do, (xi, B) = x'[|, < €}, (8)

- Fx, P _

f(x, , P)

o(x',p) = max {fo,(x",p)}. 9)




Human Modeling

* Training
* Lpce(o(x', p), Ogt(x’))

e Overview
¥
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Experiments

e Qualitative Results

ithin Distribution




Human Generation

 sDNA: Towards Generative Detailed Neural Avatars (CVPR 2022)

* Overview of method

Canonical Skinning Field

Latent Codes 3D Canonical Space 3D Posed Space 2D Normal Map [
Shape O Detail
Rendering

Zdetail Canonical Multi-Subject AR
Imp11c1t Model —» Forward Skmnmg 3
Zghape ) \

0 ﬂ <3D Reconstruction Loss> r < 2D Adversarial Loss >

Body Pose and Size Camera Ray

Implicit Surface e




Latent Codes 3D Canonical Space

. Shape O
Human Generation iR s
Implicit Model \ V' B
Zgshape O,N ~\
* Coarse Shape
S(Zshape) = {X | O(X, Zshape) = T}, (1)

O : R3 x Risme [0, 1] x R (2)

(X, Zshape) > (0, T)



Human Generation

e Detailed Surface Normals

N : R3 x Rldeai 5 RLs _y R3 3)

(X, Zdetail f) = n
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Zghape ‘
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U U
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Normal Map

Canonical Skinning Field

-

Latent Codes 3D Canonical Space " 3D Posed Space [ZD Normal Map [ ]
Shape O Detail w o
Canonical K Multi-Subject =
Implicit Model . ‘3 (" —» Forward Skinning _3, \2 > Implicit Sgrface 5
/ M, W A Rendering

’ hd i T T a T /
0 6 <3D Reconstruction Loss> r < 2D Adversarial Loss >

Body Pose and Size Camera Ray

WITHOUT NORMAL MAPPING WITH NORMAL MAPPING




FindX, st. d(X", 3, 0, Zshape ) = X'

Human Generation

* Multi-subject forward skinning

Canonical Skinning Field
W:R3 5 R™ (4) W :R3 x Rl _y R™ ) + .
X — W, (X, Zshape) —> W P
Single subject Multi-subject w

Multi-Subject

M : R3 % RLg N RB (6) Forward Skinning
. M, W
(%X,8) —x
S(Zshape, B) = {X | OMI(X, B), Zshape) = 7} (7) W
Body Pose and Size

x' =d(x,8,0,z,)

=Y " WiM(%,8),2,) - Bi(8,0) - %,  (8)
=1




Human Generation

* Implicit Differentiable Forward Skinning
d(x, 3,0, Zgape) — X =0, 9)
x* = M(x*, B) (10)
— (Z Wz'(X*7 Zshape) ' Rz’)_T ’ N(X*7 f’ Zdetail) (11)
1=1

O : (X', Zshape, 3,0) — 0, £ (12)
N+ (%X, Zdetair, £, 3,6) — n’ (13)

Canonical Skinning Field
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Y 3D Posed Space
W

Multi-Subject ’
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0 8 <3D Reconstruction Loss>

Body Pose and Size




2D Normal Map [

Human Generation

~ Implicit Surface .
Rendering s ﬁ

* Implicit Rendering with Skinning o — <
* Normal map at pixel p Camera Ray

O' (X', Zshape, 3,0) = T, with X' =r.+t-rg (14)

Ip :N,(x,azdetaibfaﬁaa) (15)



Human Generation

* Training
* 2-stage training
» Stage 1: Coarse shape, skinning, warping network
* Lgce (0, Ogt)

Lyarp = M (V(B),8) — v(Bo)l3 (16)

e Stage 2: Normal network

Lnorm =1 — nétT ‘ N,(Xla Z detail 5 f, /87 0) (17)



Human Generation

- | X 0 s 0 0
| ‘ < e
LS X LS |
% i ﬁ} g ?‘v Disentangled Generation
: ‘. of Shape and Details

* Experiments
* Qualitative results
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Face Avatar

* | M Avatar: Implicit Morphable Head Avatars from Videos

A (M

Training video with common expressions

@ » ..LL!

Learned texture, geometry, LBS weight and blendshape fields

Extrapolation to unseen and extreme expressions



Face Avatar

e Method Overview

— @

A
i Analytical |
0CC" —>Tc | Gradient

Correspondence
search

)

Texture

. occ: occupancy value

Ray Marching: find the nearest-surface intersection .. : Tg: sampled deformed point

i .
X .: canonical correspondence

Gven 3731 , find mzc S.t. \ / : Z.: canonical surface intersection

/ \ Equahty constraint: & 4. deformed surface intersection

; ( ) N e & expression blendshapes
occ\r,) = V. ‘ :
@ @ P(m:) = p EM%FUF (xc) = 0} W: LBS weights

P: pose correctives

Deformation ") T T': bone transformations
Differentiable T.o: 1): expression parameters
P: pixel location
{D—> LBS Oz, = —( OF;; (:I:c) )—1 OFy, (zc) P(+): projection matrix

Ze N —>Zq B
(&)

K K Implicit Morphing / s

aO'F F'. equality constraint function

O f: learnable parameters of F




Face Avatar

* FLAME Face Morphable Model
e Face model analogous to SMPL model (body)

Mo, ¢) = LBS(Tr(0,9),J(¢),0,W), (1)
Tp(0,%) =T + Bg(;€) + Bp(6;P),  (2)

t g90¢ 28
:z: /e
- 2228 e2




Face Avatar

* | M Avatar
* Geometry

occ' -

O Correspondence
£ d search

Ray Marching: find the nearéStsurface intersection ..+ ‘

Geometry

fo, (@,1) : R® x R™ — occ. (3)



Face Avatar

e Deformation

ﬁiven 336.1 find @ s.t. \

{ Deformation ] -

y

Lo

@/

Ta U _’md

\ Implicit Morphmg

do,(z) :R> = £, P, W. (4)

Ld = LBS(xc"i‘BP(Oa P)-I'BE("pv 8)7 J(¢)a 97 W)7 (5)



Face Avatar

* Normal-conditioned texture
* Normalized gradient of occupancy field

Ofo, (@) _ Bfs,(5c) Bw _ Ofs,(zc) (awad (xc))‘l.

0x 4 or. Oxyq Oz 0x.

(6)

\___lexture

ot




Face Avatar

* Differentiable rendering
* Non-rigid ray marching

e Gradient
dF,.(z.) _0
dUF
OF;.(x:) OFs.(x:) Oxc
< oo ox., Oop 0
0z,  OF;.(xc),_10F,. ()
< 0o = oz, ) dor

(10)

atersection .-

Equality constraint:

oce(z.) = 0.5 _
o) = p Fyp(z:) =0
Differentiable ,:
0z, _ OF,, (z.) )1 OF,, (z.)
Oor Oz, dop

|l
(=

(W, (Te) — 7o) X T4

(8)
®)



Face Avatar

* Training Objectives

1

* RGB Loss (Eq. (11)) LreB = P > NICp = o ()l (11)

* Pixel color pEPIn
* Mask Loss (Eg. (12)) ]

Ly = 15 > CE(Oy, fo, (z¥)),  (12)

* FLAME Loss (optional, Eq. (13)) pEP\P

e Use prior knowledge from FLAME

1 G
Lrp = Pl Z AellEy" = &Epll2
peP™

X [|[PET = Ppll2 + Au[[WET = Wyll2), (13)



Face Avatar

* Experiments

Method | Expression | Lyl PSNRT SSIM1 LPIPS|
C-Net 3.615 0.05824  22.23 0.9524  0.03421
D-Net 3.769 0.06130  21.77 0.9474  0.03227
B-Morph 2.786 0.04980  23.50 0.9599  0.02231
Fwd-Skin 3.088 0.05456  22.92 0.9586  0.02781
NerFACE [17] 2.994 0.04564  23.58 0.9596 0.02156
Ours- 2.843 0.04918  23.68 0.9615  0.02155
Ours 2.548 0.04878 2391 0.9655  0.02085

D-Net B-Morph Fwd-Skin C-Net NerFACE [17] Ours- Ours

ﬁﬁﬁﬁf'\f'\ﬁﬁ

~ ~ -

/

b b d b dhd e dd

3888

SNy oot

11111111
L8

Fwd-Skin C-Net  NerFACE [17] Ours GT
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