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State Machine Based Animation

('walking wantTokWalk) e

PlayAnim (StartAnim);

PlayAnim (StopAnim);
walking - false;

walking = true; = Walk
. . : : State Machines
(IsPlaying(5tartAnim) IsAtEndOfAnim(})
PlayAnim (WalkLoopAnim); e e
(walking wantTokWalk)
Run



State Machine Based Animation

Animations

States

Levels




State Machine Based Animation

S

* AT EATEN RS

(speed > 3.6f)

PlayAnim (RunAnim);

(speed » 8.871)

PlayAnim (WalkAnim);

PlayAnim (IdleAnim);




tate Machine Based Animation

/
Skr_walk _,/

o7 || T3 | —

8]

Run

Skr_run_deaccel_mecanim -
Skr_run_mecanim
Skr_run_accel_mecanim

skr_sprint

‘L"”" sprint

SLI‘_Gprmt

Skr_sprint_accel S Sprint

8]




State Machine Based Animation: Problem
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peed SightVelocityAngle SiopeVelocityAngle Banking AwarenessContext Stances éump

"Name Si

Hero_Nav_RuninField_SMsec 5 0 0 0 Tall Grass Run 0
Hero_Nav_\WalkFwd1Msec_BankRt 1 0 0 1 Default \Walk 0
Hero_Nav_WalkFwd 1Msec_BankLt 1 0 0 -1 Default \Walk 0
Hero_Nav_MoCapNaratve\WalkSiow_1Msec ] 0 0 0 Default (Walk 0

Hero_Nav_JogSlow_3Msec
Hero_Nav_JogSiow_dMsec
Hero_Jst_WalkFast_3Msec

Hero_Fight_WalkFwd_Bank

Hero_Fight_WalkFwd_Bani
Hero_Nav_WalkSiope_300
Hero_Nav_TransonLoop_H

Hero_Nav_RunBump_LtSide]
ero_Nav_RunBump_RISidd

Hero_Nav_RunF wdDirection|
Hero_Nav_RunFwdDwrection|

Hero_Agy_Sprntrwd_BankH]

Hero_Jst_walkAggresive_2
Hero_Nav_Run_5m_NewS!
Hero_Agg_SprntF wd_Bank
Hero_Agg_SpnntBump8m _|

Hero_Agg._SprntBump8m_H
Hero_Agg_SprintBumpbm_L}
Hero_Agg_SprntBumpbm_H

NPC_Walk_Slow
Hero_Nav_Run_5m_NewS!
Hero_Nav_Sprnt_stop_6m
Hero_Nav_Spnnt_7m_N
Hero_Jst_walkAggresive_2)

AnimQuery query;

query.AddDesiredFeature("speed”,
query.AddDesiredFeature("
query.AddDesiredFeature(" , 90.0f);

> blendFactors = ComputeBlendFactors(query);

SetBlendFactors(blendFactors);

Hero_Nav_Run_Slope_30DegUp_ 0 -30 0 ault pnnt 0
Hero_Nav_Run_Slope_30DegDown_S5m 5 0 30 0 Default [Spant 0
Hero_Nav_Spant_8m 3 0 0 0 Default Run 0
Hero_spnnt_10m 10 0 0 0 Default km 0
Hero_Nav_Run_bm_NewStjle_LongStnde_20F ps 5 0 0 0 Default Sont ]




State Machine Based Animation: Problem

= EJJ T’EEi/\HT UK,L,JF)I

\\

« =

|

FLFEX
~Ix

CFRIEIC, TRARAIIK T BUGH

SRSV EE

\
/

RERA, BEKEA

speed .

s

st

i1

L= 100

L~ 1500

slope

strafe angle

Hero_Nav_JogSlow_aMsec
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Hero_Agg_SprntFwd_Bank
Hero_Jst_walkAggresive_2VR®
Hero_Nav_Run_S5m_NewS!
Hero_Agg_SprintFwd_BankU®
Hero_Agg_SprntBump8m_L
Hero_Agg._SprntBumpsm_
Hero_Agg_SprintBumpbm_L|
Hero_Agg_SprntBumpbm _|
NPC_Walk_Slow
Hero_Nav_Run_5m_NewSty
Hero_Nav_Spnint_stop_6m
Hero_Nav_Spnnt_7m_New’
Hero_Jst_walkAggresive_2)
Hero_Nav_Run_Slope_30DegUp '

I

ault

pont

Hero_Nav_Run_Slope_30DegDown_S5m

Default

Sprint

Hero_Nav_Spnnt_8m

Default

Run

Hero_spnint_10m
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CEEEP
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Default

Run
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Hero_Nav_Run_bm_NewStyle_LongStnde_20Fps

Default
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Motion Capture




Motion Capture: Pros & Cons
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Motion Matching: Motivation
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Motion Matching: Motivation

BENBEHE| —M G —m A NIRRT P NS . B MEFE
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* ReE, BEBEARE TP ERWTATE?

Motion Matching Deals With It!




Motion Matching: Motivation
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Motion Matching: Motivation
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Motion Matching: Motivation
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Motion Matching: Motivation

FAH BHIUFC3 (2018) £ E51EH 7 MM A Demo showed by UbiSoft A Demo showed by UbiSoft



Motion Matching: Steps

1 REUVE PRSI R RBE
+ HEDRZS: L ATHIApose
- MEARRHE: EEE, RANFRAARTIRAA

2. NHhEEIEET e RER KR —WE) B
SRR W EEM YT, CRNGRERELINEAS

* C* = argmin.candidate CalculateCost (Current, ceandidate target)

3. M&Lm & s E




Motion Matching: Current Pose

1. RIS BPIRS+ I R
© HEPRES: HEThiAYpose
- HIEARKRIE: NE+RE, KEIRBAHLIIREA
2. M\BEZUEETREZERHLEN—MsE
- SHIEARRPUE M ZEREE/NEYF, ERNGARESZLRNERS

* C* = argmin candidate CalculateCost (Current, ceandidate target)

3. M&Lm & s E




Motion Matching: Current Pose

* Trajectory: root animation

/\/\

* Pose: defined as the joint transforms including a trajectory section
* A trajectory section Is always associated with a pose



Motion Matching: Current Pose

* Root velocity

Root position

Feet velocity / Hand velocity

Feet position / Hand position
* Weapon position

* Etc.

* F PoseMIE BB T UFSCITE I FHEER




Motion Matching: Future Trajectory

1. FRENHBURZS+EAEE R KB
CHRPRZS HBTHiMpose
C BEARGD: MEEE, RARKBARTHRHA
2. MEhEEIEEF R EEH LA —Ds)E
¢ SERERR P ETR T, EREBRERELHEAS

* C* = argmin candidate CalculateCost (Current, ceandidate target)

3. M&Lm & s E




Motion Matching: Future Trajectory
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Motion Matching: Calculate Cost

1. RECEPPIRS+ B R SR
« YFDRZAS: Y FTMIAIpose
- HIEERRIE: AB+RE, RARFRAAZIERREAA
2. MENEEEEEFIERERHEILE N — s
+ GBI RRBEHEIER B, ERNbFEREEYTNEAS

* C* = argmin candidate CalculateCost (Current, ceandidate target)

3. M&Lm & s E




Motion Matching: Calculate Cost

1 REUH BPIRZS+HAR R R

+ HEPRTS: HATIApose

- MR MERE REMFRBARTIRBA
2. MEBEHEE P i RE B AL ECH — Mz &

© SHRBAKME HEEGE, EREOFERELTHEAS
* (" = argmin .candidate CalculateCost (Ccut”ent, Ccand;date, Ttarget)
t )

3. MBHLMTFAIEREE



Motion Matching: Calculate Cost

CalculateCost (currentPose, candidatePose, targetTrajectory)

ot costo.0m S BYCostE 2R 2B %

cost ComputePoseCost (currentPose, candidatePose};

Float responsiveness - 1.f; ReS p O nS|Ve Ness -1'?3 IL:EIJ T Ejljj-lj E @a E/\J *§

cost responsiveness

ComputeFutureCost (candidatePose, targetTrajectory); Eﬁ}g S %un
EJSZ O ’ \ |E§
cost; X! - lL X

ComputePoseCost (currentPose, candidatePose)

float cost 8.ef;
cost TRs =t TrraTEes T candidatePose . ComputeFuture Cost (candidatePose, targetTrajectory)
cost Distance (currentPose.RF. candidatePose.
cost Distance (currentPose.LF. candidatePose.
cost Distance (currentPose.LF. candidatePose.
cost Distance {currentPose.RH. candidatePose.

floagt cost 8.68f;

cost Distance (candidatePose.R.pos - targetTrajectory.pos);

cost PRT T mmET e candidatePose cost Distance (candidatePose.R.vel - targetTrajectory.vel);

cost Distance (currentPose.LH. candidatePose.
cost Distance {currentPose.LH.ve candidatePose.

cost;

cost;

Tt EPose S5Trajectoryfy Z iR




Motion Matching: Play

1. REVGBURZS+ A R SKRENIE
« HEPRE HEIhiAYpose
- BRI (E+RE, REDIRBASLTIIHKBA
2. \EBE#EIEEPREHRLEN—Mm)E
» S'HIEARRMIE RN EEEE/ B, ERNOAERELRERS

* C* = argmin candidate CalculateCost (Current, ceandidate target)

3. MU o= E




Motion Matching: Play

1. RENGHBDRIS+HHIE R KPR

. MBS M ETIIMpose

- BIEARRHE: MBERE, KERRAASILRREA
2. \EBEEHEEFREEL KRN —IE)E

+ SEAEACREE Y EREHU BT, BRNtbREREYITEAS

* C* = argmin .candidate CalculateCost (CErent, ccandidate ptargety

3. MERAWIF IR #EB =) E
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Motion Matching: Pros & Cons

Pros:
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State Machine vs. Motion Matching
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Optimizations of Motion Matching

B]&@: Naive Motion Matchingit&E&i3 X
AR BUNMTEE

« X EFTEME (Update Interval)

« IBRKRBAE (tolerance)

* SRS S ERYPose

» Xfposet TR, EERENRAAERERXFFEER

c IREHEZEZE: KD-Tree / PCA / Candidate Set / KNN search /
Neural Network




Integrating MM Into State Machine

« KRS 53 AGameplay 5 Animation I ER 2
* States -> Variables
* Querying -> Matching

Animation Matching Simplified State Gameplay
Machine

GDC 2018, Character Control with Neural Networks and Machine Learning, https://www.youtube.com/watch?v=0-0QLS|SSyVk



https://www.youtube.com/watch?v=o-QLSjSSyVk

Integrating MM Into State Machine

« KRS 53 AGameplay 5 Animation I ER 2
. States.—> Varlables. Input x
* Querying -> Matching

o Joint Positions in the previous frame.
= /] « Joint Velocities in the previous frame.
* o] U &b=gv
T [’/( - KN N :-I:jzj: X /L Pose o Target Position of the root in 1 second.
o Target Velocity of the root in 1 second.

Target Direction of the root in 1 second.

— Function f
Eli Data
— o Call every 1 second or...
o Call if the user input changes.
Output y
S, , T o Joint Positions for the next 1 second.
Animation Matching Simplified State Gameplay
Machine o Joint Rotations for the next 1 second.

GDC 2018, Character Control with Neural Networks and Machine Learning, https://www.youtube.com/watch?v=0-0QLS|SSyVk



https://www.youtube.com/watch?v=o-QLSjSSyVk

Integrating MM Into State Machine
« BRSS9 A Gameplay 5 Animation 2R

* States -> Variables
* Querying -> Matching

o O] PUfE FAKNN#X Z| & Pose
« gy Z 0] M {1 FHNeural Network!

Yy = Wza(wlo'(WOx R bo) T bl) U b2
N =

vl
1.33

5.12

.
1‘
~—
G g T
7 PR
el Speed 212 y i f(x) 7.21
[mee] 0.31 9.03
Animation Matching Simplified State Gameplay 12.54 1.28
Machine

GDC 2018, Character Control with Neural Networks and Machine Learning, https://www.youtube.com/watch?v=0-0QLS|SSyVk


https://www.youtube.com/watch?v=o-QLSjSSyVk

Integrating MM Into State Machine

 RRRZSH 4 HGameplay 5 Animation BN 3B 5
e States -> Variables
* Querying -> Matching

« S 5L FIKNN LB B4 Pose BREBR
\ MAE FANeural Network!

Animation Matching Simplified State Gameplay
Machine

GDC 2018, Character Control with Neural Networks and Machine Learning, https://www.youtube.com/watch?v=0-0QLS|SSyVk



https://www.youtube.com/watch?v=o-QLSjSSyVk

Why NN does not work

« — PN (X) TR N ZANETHEE (Y)
« BBV Z AN IR T T Y
 YNqayfEAY

There are multiple y values for a single x.

Yo
. f(x) !
Vg /




PENN: Introducing Animation Phases

* 5| APhase: 37 HHIPosebTHrEEAnimation ClipAY¥B M EX
* NEIAYPhase A EIAYARE L AL TE
* Phase p € [0, 2m)

A variable representing the timing of the pose in the cycle.

fEA 4888

0
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" f

h
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ARRE

Holden, Daniel et al. “Phase-functioned neural networks for character control.” ACM Transactions on Graphics (TOG) 36 (2017): 1 - 13.



PENN: Introducing Animation Phases

* Blendf~[Ephase modelfy&%1

A variable representing the timing of the pose in the cycle.

IEREE RN

p
0 p s 21

fo fi

AR BELR

Interpolated
Weights

Holden, Daniel et al. “Phase-functioned neural networks for character control.” ACM Transactions on Graphics (TOG) 36 (2017): 1 - 13.



PENN: Introducing Animation Phases

« S RNENEN{EM ETag, 12Sscalability

Holden, Daniel et al. “Phase-functioned neural networks for character control.” ACM Transactions on Graphics (TOG) 36 (2017): 1 - 13.
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Learned Motion Matching

HATERYBES, MARMB RS
« Bir: B RIFEFE

« Matching Features Database: Hifeature vectorZlff, & Mfeature

- Matching

E Features vector#B 2N B EHE MposeINLE . & EEIR

"ﬂg;! Query — * Animation Dataset: JRIRFIEEIEE

g features | motion Matching Current

2 Searcn frame  Matching Features Database 5 Animation DatasetE}A 0 7515 17 i

EHATF

o Animation « Every few frames: &iZ JLIHFT—>XMM

E Dataset

m —

-; Current ” * Every frame: S—iiEE M @£ E A HHEC T — s @i 1 7%
Frame Fu

E Index Increment Pose il

Frame Index

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Learned Motion Matching

~

« F—4: MREFEFFEERANIMation Dataset
* Motivation: Feature vectorE 2B 7 RGN ENIFZEEF L, o M@ idfeature vectorid R

#— A DecompressorM 4, N Efeature vector, Bt EposefE 2 (EjointBpos/vel)

Matching
Features
Database

Current Next ; %

urren Matching : Full

Index Increment eatures Sores Decompresso ]ﬂb
Frame Index J

Every frame

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Learned Motion Matching

« E—. MAFFFBERAnImation Dataset
* Motivation: Feature vectorEB &8 & T RIGENEMNFZERFEE, o U@idfeature vectoritJR
W2 —Decompressor g, g N Zfeature vector, i EposelZ 8 (ENjointAgpos/vel)
- BERXEMRERFRSH, HESHEEEMX
o BRTTE WMARNIAFIMER (Eflphasedy REK)

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Learned Motion Matching

~

« F—4: MREFEFFEERANIMation Dataset
* Motivation: Feature vectorE 2B 7 RGN ENIFZEEF L, o M@ idfeature vectorid R

w N\ r2feature vector, HitiZposefZ 2 (- MjointAYpos/vel)
BEIXEMRERSF T S2 ’E RSB EEMK
fRERF R MARIMATIMEE (ZE{lphasefY EEE)

WNE— B4, BahiRIEMeature vectorfIFIIME S, ASFIE1Zextra feature—iZ ki A | Decompressor
T2 — 1 Extra Features Database

~/)\

Matching Extra

Features Features
] Database Database _
E .‘-1 .. 4%
(] -
- C t Next |

urren X t
Matching ,

5 Frone frame rae
u:J Increment Features Decompressor

Frame Index Lookup -

Extra
Features

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Every frame

Learned Motion Matching

~r
e mMm —
o5

MRAFF

Motivation:

BEXEMNRLERSE S ’E

& —1PB%iEss BalRRED

Feature vectorE2 &

N % Animation Dataset

BTRIASBENTFZERRER, JRUE

a N\ =feature vector, HitiZposeF 8 (FjointBypos/vel)

I3 feature vectoric &

XE%/\ﬁ'fm/ubxgi
s RTTE WARIMAZIIMEE (£{llphasely B

)

feature vectorflZNIME B, ARG Zextra feature—
F 5l —“NExtra Features Database

N E|Decompressor 1

Matching Extra Foss kool
Features Features
Database Database _ Animation Dataset 42.7MB
. ' % Matching Features Database 9.4 MB 9.4MB
Current Next Matching Extra Features Database 11.1MB
Frame Frame e [ Full .
Index Index eatures _ Pose Decompressor Weights 0.9MB
Increment Features Decompressor
Frame Index Lookup N P Total 52.1MB 21.4MB
Extra
Features -

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Learned Motion Matching

« B4 MAEFFEBRCombined Features Database (& F -/ database)

WZ—/ StepperM 4%, W THI R & N\ _E—WiACombined feature, #H T —midfeature

" : o Combined
o Combined £ pom-m-m- Features |-------1 .
£ Features o] ' Database :
[} Database = '
< 2 : : Best
: Best :

5 Best @ Query Frame Combined —
b query Replace features - ; Index Features | Replace

features : ; & Motion Matching Features Current
& Motion Matching Current o S h Look Combined
) Search Frame > earc 00Kup ombine
& Index w Features

Combined

o Features o
£ Database =
(0] : 0}
“I: C H MI:

urrent Next _ : Current Next
E I;radm e CF%g‘tb':‘eesd PFous!:e E Combined Combined Full
> naex Increment Features u Features Features Pose
w Frame Index Lookup Decompressor u>1 Stepper Decompressor

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Learned Motion Matching

« B4 MAEFFEBRCombined Features Database (& F -/ database)

WZ—/ StepperM 4%, W THI R & N\ _E—WiACombined feature, #H T —midfeature

{BEEEvery few framesP Bz /398 % E 1/ [8)Combined Features Database

" : o Combined
] Combined £ pom-m-m- Features |-------1 .
£ Features o] ' Database
o Database = , .
- ' H
g ' Best H Best

2 Best [7] Combined [
2 - Query Frame ombinec s
- |cQuer’\rr Frame Replace features _ _ Index | Features th_l_“e

eatures : ; Index . & Motion Matching Features Current
& Motion Matching Current o S h Look Combined
g Search Frame > €arc QOKUp om Ije_._
o Index (1] Features

Combined

o Features (]
£ Database =
0] : ] o
“I: C H MI:

urrent Next _ : Current Next o
E I;radme l;radme CF%?tblpeesd PFous!.Ie E Combined Combined Full

naex nadex u Features ’—1 Features Pose
u::vJ Increment Features Decompressor > atures N eatures 5

Frame Index Lookup w eppe J ecompressor

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Learned Motion Matching

« B4 MAEFFEBRCombined Features Database (& F -/ database)

% —NStepperM &, e FTAI I EH A _E—MiiAYCombined feature, %t T—HiiAdfeature
{BEEEvery few framesP Bz /398 % E 1/ [8)Combined Features Database

W& —Projector® g, #y N\Zquery vector, i Ecombined feature

%o Best
Combined
Replace

Features Current

Combined
Features
Best
Combined

Querﬁ;
features v Features
—’{ Proj ector ’—
; g Current é% Next %%
Combined Combined Full
Features Features Pase
Stepper Decompressor

Query
features

Every few frames

Every few frames

Every frame

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Learned Motion Matching

A —

=

% MINTEFRFEFRCombined Features Database (& 3 # - database)

WZ—NStepperM g, 7S FTHIRHER A\ _E—WifICombined feature, % T—Miif9feature
1B 2 FEvery few framesf X A FE E 15 [0)Combined Features Database

2, NFFEANEFTEFHEINELIESFeaturefliE
HEEZE=/NMEER

Every f

AT

features

—_— - = 1J—=r1 [

y Features

Replace
Current
Combined
Features

Every frame

Holden, Daniel et al. “Learned motion matching.” ACM Transactions on Graphics (TOG) 39 (2020): 53:1 - 53:12.



Learned Motion Matching

0
« Decompressor. %5 Ecombined : £
= g_ Best
4 :I‘" 2 Query o- Comb@ed eplace
feature¥iumfull pose - s e E“%—‘”td
N : [
* Stepper: %57 HBJcombined
featureTIUN T —Miicombined o
£ Current %ﬁ Next %ﬁ
feature 2 Combined o Combined o Full
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Decompressor Weights
Stepper Weights

Projector Weights
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Pose Lookup
42.7 MB
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Using Reinforcement Learning
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