GAMES 105
Fundamentals of Character Animation

Lecture 06+

Learning-based Character
Animation (cont.)

Libin Liu
School of Intelligence Science and Technology
Peking University




. Outline

* Learning-based Character Animation (cont.)
* Motion Models
* Autoregressive models: PFNN
* Generative models
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. Learning Motion Models

Given a set of example motions {x;} ~ p(x)
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. Learning Motion Models

Given a set of example motions {x;} ~ p(x)

p(x): probability that x is a natural motion
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. Learning Motion Models
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. Learning Motion Models

p(X) = p(xq, ..., x7)
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. Learning Motion Models

p(X|z) = p(xq, ..., x7|2)

p(Xlz) z: control parameters

latent variables

Conditional distribution
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. Learning Motion Models

(X1, e, x7) = f(2)

z: control parameters
X =f(2) latent variables
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. Two Perspectives on a Motion Sequence

X ={xq .., x7}

\ 2
] X =f(2)
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. Two Perspectives on a Motion Sequence

10
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. Two Perspectives on a Motion Sequence

g —— )it - p(X|z) = p(xyq, ..., x7|2)
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. Two Perspectives on a Motion Sequence

p(xXelxp—q, o) X1; 2)

PR s

L e X3, X2, X1 [

R p(X|2) = p(xy, o, x712)

= p(x1) 1_[ p(xelxe—q, ., X1; Z)
t

12

Libin Liu - SIST, Peking University GAMES 105 - Fundamentals of Character Animation e



. Two Perspectives on a Motion Sequence

p(xelxe—q, ., X145 2)

P I b

Foey X3, X2, Xg—1:

R p(X|2) = p(xy, o, x712)

= p(x1) Hp(xt|xt—1» ey X1; Z)
t

*The chain rule of conditional probabilities:

p(x1,x3) = p(xzlx)p(xy)
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. Two Perspectives on a Motion Sequence

p(xelxe—q, ., X145 2)

P I b

Foey X3, X2, Xg—1:

R p(X|2) = p(xy, o, x712)

= p(x1) np(xt|xt—1» ey X1; Z)
t

*The chain rule of conditional probabilities:

p(x1,x3) = p(xzlx)p(xy)

p(x1,x2,x3) = p(xz, x3|x1)p(x1)
= p(x3lx2, x1)p(x2[x1)0(x1)
14
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. Two Perspectives on a Motion Sequence

fxeq,x¢-2, . %15 2)

e X3, X, X1

T X - p(X|z) = p(xq, ..., x7|2)

= P(xl) ‘ ‘ p(xtlxt—L vany X1 5 Z)
t
|

X = (X1, Xp—2) X1 2)
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. Two Perspectives on a Motion Sequence

p(X|z) = p(xy, ..., x7|2)

» » cene »

ANNEENE NN AENRENRNRAR = p(x1) p(xtlxt_l, -8351; Z)
t

Markov Property Xp = f(xt_l,xtx. X1;7)
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. Two Perspectives on a Motion Sequence

p(X|z) = p(xy, ..., x7|2)

» » ....»
ANREENE RN AENRENRNRAR = p(x1) P(xt|xt—1; Z)
t
Markov Property Xy = f(xi_q;2)
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. Two Perspectives on a Motion Sequence

X = {xl, ___,xT} e X3, X2, X1 xt

T T T T -

T

‘ Xt = f(xt_l, Xt—2, ,Z)

X =f(2) xe = f(x¢-1;2)
18
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. Autoregressive Model

xe = fOeoq, X2, 5 2)

xe = f(xe—q;2)
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. Autoregressive Model

xe = f(xe—q;2)
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. Autoregressive Model

xe = f(x¢_1;2)

L)

z: control parameters
latent variables
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. Autoregressive Model

xe = f(xe—1)
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. Autoregressive Model

xe = f(xe—1)

Given a set of example motions {X;} ~ p(X)
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. Autoregressive Model

xe = f(xe—1)

Given a set of example transitions
{1, x0)} ~ p(X)
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. Learning Motion Models

Libin Liu - SIST, Peking University

xe = f(xe—1)

a

Xt—1 .

.

f

N

4

JES

! Train
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. Interpolation

fx)=y; mp f(x)="7
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Nucleus (
( Axon hillock ) Synaptic terminals
/ ¥ _,,zv(,\,,«

‘ Golgi apparatus
Endoplasmic ( ;
reticulum 3 N
Mitochondrion | Dendrite

\
/ \k Dendritic branches

. Neural Networks Ty <4

A Multipolar Neuron

y=a0 ZWixi+b
i
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. Neural Networks

_______________________

y=c(Wx+ b)

28
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. Neural Networks

______________________________________________

_______________________
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. Neural Networks

______________________________________________




. Neural Networks

______________________________________________




. Learning Motion Models

xe = f(Xt—1;0)
0 — (Wl’ bl’ Wz,bz, )

@ \

ESRL (OFUES
A 4

! Train
32

Libin Liu - SIST, Peking University GAMES 105 - Fundamentals of Character Animation e




. Learning Motion Models

xe = f(xe—1;0)
9 — (Wli bll Wz, bz, )

Xt—1 .

Libin Liu - SIST, Peking University

a

.

N

f(0)

Train

JES

Given a set of example transitions

{1, x0)} ~ p(X)
Find 6 = (Wli bll Wz, bz, ) that
minimizes

F(0) = Xx,_apllf (cp—150) — x|l
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. Learning Motion Models

Stochastic Gradient Descent:

For a batch of random sample {(xt ) x } ~{(x¢—1,xt)}
Compute the approximate gradient

i)

VoF(0) = ),; Vg (Hf (xt(l)l' ) xt(L)

Update 6 = (Wlibli Wz,bz, ) as

9 — 0 —aVyF(0)

34
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. Learning Motion Models

Stochastic Gradient Descent:

For a batch of random sample {(xt 1:xt(l) } ~{(ee—1, %)}

i D using
backpropagation

Compute the approximate gradient

VoF(0) = }.; Vg (Hf (xt(l)l' ) xt(l)

update 8 = (W, by, W,, b, ...) as

0 — 60— aVyF(O)

35

Libin Liu - SIST, Peking University GAMES 105 - Fundamentals of Character Animation e



. Ambiguity Issue

xe = f(xe—1)

36
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. Ambiguity Issue

xe = f(xe—1)
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xe = f(xe—1)
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. Ambiguity Issue

xe = f(xe—1)
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. Ambiguity Issue

xe = f(xe—1)

W oL,

Xt—1

¢7
k xt?
40
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. Hidden Variables

xe = f(X¢—1;2)

Xt—1
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. PFNN: Phase-Functioned Neural Networks

Phase-Functioned Neural Networks for Character Control

DANIEL HOLDEN, University of Edinburgh
TAKU KOMURA, University of Edinburgh

JUN SAITO, Method Studios *SIGGRAPH 2017
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. PENN: Phase-Functioned Neural Networks

xe = f(Xp—1; Z¢)

control parameters
Zy =
phase parameter

43
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. PENN: Phase-Functioned Neural Networks

Stance Phase

Swing Phase ————

A

\ 4
A

3 7
Heel strike Loading Mid-stance Terminal stance Pre-swing Toe-off Mid-swing Terminal swing
response
Double ; Double :
< >« >« I >
spport — Single support i Single support

Gait cycle

-y iy -
I o= - phases of a walking gait cycle

Stride length Pirker and Katzenschlager 2017.
Gait disorders in adults and the elderly. 4 4

Step
width

Step length

A
]

Libin Liu - SIST, Peking University GAMES 105 - Fundamentals of Character Animation e



. PFENN: Phase-Functioned Neural Networks
X = f(xX¢—1;Z¢) Zy = (Ct, P¢)

Y —>
i - gl

width
Stride length

Step length
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. Mixture of Experts

4 N

x| #Lf(0) |* v

.
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. Mixture of Experts

)
’(fw)\\
N ! W2
Bl P
\ 7

[ 00 } y =) wif(x;0)

i
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. Weighted-Blended Mixture of Experts
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: Phase-Functioned Neural Networks

xXe =f <Xt1i Ct, 0 = Z Wi(¢t)3i)

Y —>
i - gl

width
Stride length

Step length
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. PENN: Phase-Functioned Neural Networks

Xt = f| Xe—15¢, 0 = Z w; () 0;
[

Cubic Catmull-Rom Spline:

0, = 0,

1 1
+¢ _591 +593

, 5 1
+¢ 01_592"‘283_584

1. 3 3 1
+¢ _591 +202_593 +594
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. PFNN: Phase-Functioned Neural Networks

.
""""""

[Holden et al. 2017] 51
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. Advanced Phase Functions
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. Advanced Phase Functions
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. Advanced Phase Functions

" E

Libin Liu - SIST, Peking University GAMES 105 - Fundamentals of Character Animation




Advanced Phase Functions

Mode-Adaptive Neural Networks for Quadruped Motion Control

HE ZHANG, University of Edinburgh
SEBASTIAN STARKE+, University of Edinburgh
TAKU KOMURA, University of Edinburgh

JUN SAITO, Adobe Research

A

Local Motion Phases for Learning Multi-Contact Character Movements

*SIGGRAPH 2018

.

SEBASTIAN STARKE, University of Edinburgh, UK and Electronic Arts, USA
YIWEI ZHAO, Electronic Arts, USA

TAKU KOMURA, University of Edinburgh, UK

KAZI ZAMAN, Electronic Arts, USA

Network

*SIGGRAPH 2020

DeepPhase: Periodic Autoencoders for Learning Motion Phase Manifolds

SEBASTIAN STARKE, The University of Edinburgh, UK and Electronic Arts, USA
x IAN MASON, The University of Edinburgh, UK
TAKU KOMURA, The University of Hong Kong, Hong Kong

*SIGGRAPH 2022
55
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Advanced Phase Functions

Biped Locomotion Phase State

Expert Activation

\’GI

[Starke et al. 2022]
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. Generative Models

= . p(X|z) = p(xq, ..., x7|2)

I I I t
*
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. Generative Models

p(x)

Jr

Z
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. Generative Models

z~N(0,1) p(x)

p(x|z)

f(2)

=

0

3
Al
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. Generative Models

Variational
Autoencoders

Generative

Adversarial
Network

Real?
Fake?

60
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. Generative Models

f(2)
NormaIiZing = SRR LI, _ 1 ......................................
p(x)
...... » » @.
Models
...... @ -noise @ 7~ (0,1
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. Generative Models

[Ling et al. 2021 Character Controllers Using Motion VAEs] [Henter et al. 2020, MoGlow: Probabilistic and Controllable
Motion Synthesis Using Normalising Flows]

62
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Generative Models

MDM: A Human Motion Framework

Diverse Motion

AR IR

[Zhang et al. 2022, arXiv, MotionDiffuse: Text-Driven [Tevet et al. 2022, arXiv,
Human Motion Generation with Diffusion Model] MDM: Human Motion Diffusion Model]
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. Outline

* Learning-based Character Animation (cont.)
* Motion Models
* Autoregressive models: PFNN
* Generative models
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Questions?
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