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Introduction to HMG

« Human motion generation (HMG)
- Goal of HMG
- KFAA 22 human2| pose sequence ‘8-S
- Motion Data Representation
- Keypoint-based
QUM R =OA A& 9l landmarkE keypointZ S0, 0| £9| Rlgto 2 4 &
s Motion capture systemOA] ZIHH o = A2 5= Q10 M0 0|
- Rotation-based
.- Body joint2| angleO| (2} E 5 =l

«:j:»SI\/IPL% jointangle= &3l human mesh& 222 St= CHEX Q! O A| Y

) § .
)
,__,/"T]'\' _—

Keypoint-based Rotation-based VDS
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Introduction to HMG
» Typical HMG approaches

- Text-conditioned motion generation

- Action-to-motion

;= *Walk’, ‘kick’, ‘throw’ & 2| action categoryQi| Lt2} human motion sequence S

- Action@] class7} =3l 0], text-to-motion taskOfl H| &} Xl 2H% 2l
- Text-to-motion
;= Natural language descriptionOf| LZt2} human motion sequence= ‘&g
vLanguage2| HCHst B S 23!

X2 A E2 & diffusion model 2 AHE R

MDM Text “A person kicks with their left leg.” RediessionMadels t K x'
Generative Models firg N
&/ -~
Audio |'|I||'|'|I|I'|'|II|' GAN }\ ﬁ K A ﬂ K
VAE S

Move as You Say, ...

2T !"/ Normalizing Flow
\ S =gy Diffusion Models
cene N SR >
o ! Motion Graph
Conditions Generation Methods Motions
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Introduction to HMG

» Typical HMG approaches

- Scene-conditioned motion generation

- Scene representation
;: CHE™ S 2 point clouds, meshE A2 310 3D scenes BT

- Generation pipeline

‘ 1L | — 1L
cRBEAHEESHY

'+ Path(trajectory) = planning

2 =X E prediction

' Planning @t path= k2t motion infilling

Text

MDM

“A person kicks with their left leg.”

Audio

Move as You Say, ...

N

Scene

A szuta
S

SOGANG UNIVERSITY

Conditions

Regression Models

Generative Models

GAN
VAE
Normalizing Flow
Diffusion Models
Motion Graph

Generation Methods
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« MDM: Huma Motion Diffusion Model
- ICLR 2023 Top-25%
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1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model?

 Introduction

- Text-guided motion generation2| &= X| &
- Text2} motion ALO| 2| many-to-many problem
StLES labelOff CHEH, 0f2{ ZFX| motionO| =X &
- BHO 2 B motiondf| CHSH O 2] 7kX|o] B H 2 &
- AHE &= methods2| one-to-one mapping
s+ 7| E0] AHE | H auto-encoderLt VAE 7|8 HMGE= BE240| oHE A &

- Contributions

o
=
Ol
AN

o]
AN
T

A
T
T~ o
T =

-Human motion diffusion model

;- Diffusion model S A2 3}0] human motionS 24 A&t
-Fewer GPU resources

:'= Trained for 3 days with single NVIDIA GeForce RTX 2080 Ti GPU
- Geometric losses

::Motions 22|82 EX|

R BTN VDS
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1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion ModelV

» Overview
- Human motion x*V 2 M d3dt= 40| S &
-0 7l 9|9 condition ¢Of| [TH2} A4 A &t
- Condition c 2= text EE= action2| real-world signal 0| = 0{ &

-+ ¢ = @2l unconditioned motion generation E=ot 75
vIn-betweening[ Al ZZ40] FO{X[X| %= B2 A 2= motion= -G

b

.
o

|o rOF

o AN
-Generated motion x™" = {x'} _ 2 human pose2| sequence= -+EtHTH 2

s:xt € R/*P | J is the number of joints, D is the dimension of the joint representation

Text prompt t f& 23 fg LR J?AV i ,,’
‘j/ /T\ T 'T\ 'T‘ i XT-1 Xr—2
| 0 T
| | |
Xo
R fo 1 1
c ! i
G |
g)g)@ _________ $ ; 1 o 1
\: ! X T ¢ T-De Y x 1 ¢
| -
——> I I l 3 ¥O,D \“ ,I:
A - P
< MDM block architecture > < Overall process >
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1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion ModelV
« Main method
» Framework

- Diffusion (Markov noising process {x}*¥}T_,)
s xdN 2 data distribution2 22 B ¥-2 27| 2] motion 4
- 0|20l = Ct2 1t ZH2 noising processS 7 &l
vq(eg M) = N(\/_xt (1 - “t)l)
« a; € (0,1), constant hyper-parameters
ca./t BES| HOH xIN ~ v (0,1) E ZAE = US
- Reversed diffusion process (denoising step)
= 20| A "4 =l normal distribution & EH2| noise x
v ConditionO]| [Ct2F motion A p(x |c) e
- DDPMZ} & 0] noise e, & 0| 5 3FX| 211, signal XHH|E O 58 &

=& Xo = G(xyt,0)
v0}7| M G+ noise step t2} condition cO| [+2 motion generation function
-Simple loss

© = denoising

2 Lsimple = Ex0~q(x0|c),t~[1,T][”x0 — G(x, ¢, C)”%]
R HE TSR

VDS
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1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model?

* Main method H/.l FK

——

- Geometric losses
~Physical propertyS 22}t artifactE O &5H7| IS AHE ] K
-3 geometric losses

= Position loss: body joints2| rotation2 Solf 2t 9| 2| X| £ optimize

I 1N |F|K i FK NN e Forward kinematic function
pos — E i=1|_ (XO) _ (xo)Hz Joint position2 joint rotation2 £ Hgl

- Foot loss: 20| &0f| ErOot Q= Y velocityES 02 2 Ad 22 2 M foot-sliding effect=
%ﬂ*lﬂ—’ﬁ—t 27 UAS

vLfoor = ﬁ i=1 ||(FK(£(1)+1) FK( ) fie {01y

foot contact mask

' Velocity loss:

Lyt = g TS| (et = xb) = (=67 = 26
.= Overall training loss

vL = Lsimple + Apostos + Afoothoot + Avelﬁvel

R B THSED VDS
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1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model?

* Main method

- Model

-MDM block

'+ Noise time step t2} condition code c 7| 252+ 2| feed-forward networkOf| 2|3l transformer

dimension2 £ projectionEl &, S X A token z,, & M

== Noised input Ol Z} frame = transformer dimension2 £ linearly projection&l
- 0| 2 encoder2 ¥ & &[22, encoder?| output= CFA| motion dimension2 2 projection &l

vModelO| 0| Z 3t motion Q! £, 7 &S &

Text prompt t 2& 23 fg e il’]v
\’ P 1 A Xr-y X2
0
| | |
. R fo T
%$$$ ......... S| T t 1 I S
\l/ | xr T c (r-1c ‘.‘ 9;\1 1 ¢
— > Zu o | o \\ /
< MDM block architecture > < Overall process >
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1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model?

* Main method

Sampling
- Overall process

2:p(xo|0) EFH iterativeStH| samplingS A &
:'+ X & 0| = Gaussian noise?| x; 2 2 = &
- Of time step tOFCH clean sample £y = G(x, t, ¢) & predictiondtdl, £, = O™ E L} ot
step -2 diffusion process2 & 2 E|0| CH2 MDM block2] input®! x,_, = A Adgt
' G= samplel| 10%E ¢ = @ = settingStO] unconditioned motion= Qﬁ?ﬁ;
v 4 A i3 s
| | | |
c 1 TXU Tfo : 1\
D | bbbt [ Lrn | g
——> I I l : an ‘\I\\ ,,',
< MDM block architecture > < Overall process >
VDS
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1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion ModelV

« Main method
- Editing
- Temporal domain®| A{ motion in-betweening2} spatial domainOf| A body part editing©O|
7tsotA g
'+ Diffusion inpainting= motion datall X &fstAH =H &
= H O training 2t 810] sampling Z2HE 0| M editingO| 7t=

Blue frames: motion input
Bronze frames: generated motion

In-betweening:

(=13
=

Edit upper body:
“Throw a ball”

Ao VDS

. SOGANG UNIVERSITY 13 LaB




1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model?

* Result

- Text-to-motion

- Input text promptZ} =0 £l &2H0| A motion= Mgt

- Datasets
= KIT, HumanML3D

- Evaluation metrics
'« R-precision: Cosine similarity 7|& 282 R7H 2| text, motion pairl| precision
- FID: Real data distributiond} fake data distribution AFO| 2| distance
- Multimodal distribution: {24 72| mode(ZX|BIZHE L= HEHERE
- Diversity: 244 =l samplel| CtYME S Hotet

- Multimodality: 01 2] modalityE M 2|5t= model2| &0 d5

” B THSED VDS

SOGANG UNIVERSITY 14 LaB



1

TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion ModelV

* Result

- Text-to-motion

Autoencoder-based

R AW THEE D

J SOGANG UNIVERSITY

“A person kicks with their left leg.”

“A man runs to the right then runs to the left then back to the middle.”

\

(&}

2

~~
-2 X <SS

> Realdt 7HE+E

Method R;:;fff;‘f“ FID, M“]])“i:‘ti’dal Divcrsit Multimodalityt
Real 0.797+:002 g p2+-000 2.974+.008 9.503+:065 -
JL2P 0.486+002 11.02+:046 5.296+008 7.676+058 -
Text2Gesture 0.345%-002 7.664%-030 6.030%-008 6.409=-071 -
0_740:&.003 ]..067i‘002 3_340:|:.0D8 9_188:|:.002 2‘090:|:,083
MDM (ours) 0.611=%7  0.544+ 04 5.566=027 9.559+086 2.799+072
MDM (decoder)  0.608=:095 (. 767+-085 5.507%-020 9.176%070 2,927+ 125
+inputtoken  0.621F005 5p7+051 5.424+.022 9.425+.060 2.834+-095
MDM (GRU) 0.645%-005 4 569+-150 5.325%-026 7.688+-082 1.2646=024  K|T test set
Method R(f;‘;‘zés)?“ FID, M“g‘i;'t‘i’dal Diversity—s  Multimodality?
Real 0.779%:006 0.031%-004 2.788%-012 11.08=-097 -
JL2P 0.483%-005 6.545%-072 5.147%-030 9.073=-100 -
Text2Gesture (0.338%:005 12.12%-183 6.064%:029 0.334=:079 -
M 0.693+007 9 77(+109 3.401+008 10.91+119 1.482+065
MDM (ours) 0.396%001 (. 497=021 0.191%:022 10.847+:109 1.907%211  HiumanML3D test set I VDS \
15 LAB



1) TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion Model?

* Result

- Action-to-motion

~Input action class”7} =0 &l & 2H0{| A| motion= - d&

- Datasets
:'=HumanActl2, UESTC

- Evaluation metrics
;- FID: Real data distribution2} fake data distribution AfO| 2] distance
;= Accuracy: 0~1 AFO| 2 LIEILHX| = Hete
= Diversity: 44 =l samplel| CtYE S Hotat

- Multimodality: 0 2] modalityE X 2|5t= model2| & X 0l &5

n A | 3_!:_.3_ VDS
S
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1

TEVET, Guy, et al. Human Motion Diffusion Model. arXiv preprint arXiv:2209.14916, 2022.

MDM: Human Motion Diffusion ModelV

A

Result

= Action-to-motion

Method FID| AccuracyT Diversity—  Multimodality—
Real (INR) 0.020+-010 g gg7+-001 6.850+-050 2.450+-040
Real (ours) 0.050+000  0.990+000  §.880+020 2.590+010
Action2Motion (2020) ~ 0.338=01 . 917E0%  6.879%0% 2.511%023
ACTOR 1 0.120+-000 0 g55+-008 6.840+030 2.530+-020
INR ' 0_088:1:.(3()4 0_973:1:.(301 6.881:‘“48 2569:!:.04()
MDM (ours) 0.1005%°9  0.990=°%9  6.860=0% 2520010
w/o foot contact  0.080=-000 (g 99=.000 6.810=-010 2.580+010
HumanAct12 test set
Method FID i | FID | Accuracy T Diversity— Multimodality—
Real 2.92+-26 2.79+29 0.988+-001 33.34+:320 14.16+-06
ACTOR (2021 20.49+231 23 43+2.20 011+.003 31.96+-33 14.52+09
INR (2022] (best varjation) 9.55%%  1500%%  0.941%001 31.50% 1Y 14.68%07
MDM (ours) 0.98%133  12.81+146 950+ 000 33.02%-28 14.26+12
w/o foot contact 9.60%-51 13.08%232  pggp=000 33 1p+20 14.06+:05
UESTC test set
AW U | VDS \
SOGANG UNIVERSITY 17 LB



« Move as You Say, Interact as You Can: Language-guided Human Motion
Generation with Scene Affordance

- CVPR 2024 Highlight
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1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can?

 Introduction

- 3D environments& | Al = E| = HMGZ2]| limitation

-+ 2 & 0| language, 3D scene, human motionS jointly modelingdt= 20| £

A
oo

- =2 &2 9| language-scene-motion datasetO| £Z2t
- Contributions

- 3D scene groundingdt conditional motion generation AtO|2| gap= X R =+ intermediate
representation@I 22 Of= scene affordanceE = &5+ two-stage modeling= Tl &t

- Scene affordance= 723t BHAI O 2 3D sceneS HEHSHH A | scenet human motion
AtO| Q] H 13t geometric interplay?t 7t 5tA &

- Language-scene-motion datal| A& 0| = 75t FHOHF HMG 852 £

R BTN VDS

SOGANG UNIVERSITY 19 LaB



1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You CanV

» Overview
- Two-stage 2 L0 2124 &
- Affordance Diffusion Model (ADM)
= Affordance map= H4st= 22
- Affordance-to-Motion Diffusion Model (AMDM)

MM El Affordance mapS £ motionS M Hsl= 2 &

Input 3D Scene

Affordance Map

Motion Sequence

Denoising Perceiver Denoising Transformer

By

Attentxon Layers

Affordacne
Encoder

”—‘C‘walk to the chair in a curve )

')
k]
232 2k| |v
cg— Mo
t—-{] 2 X,
8 xT xT

_ Affordance Diffusion Model (ADM) \ Affordance-to-Motion Diffusion Model (AMDM)
| 4% Tndan VDS
LAB
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1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You CanV

* Main method
- Affordance Map (ADM2| GTEZ AlE)
-3D indoor scene2| E=H 9l detail FEE S =Z5}0 motion A

-3D scene2| pointE 1t human joint= AHO| 2| distance field HEH 2 H

= supportdhs A
B
' Motion sequence X = {x;}I_, x; € R/*3

;' ZF scene point2F 2+ frameOf| M 2] joint AtO| ¢, distanceE A|2tSHO] per-frame distance
fieldd € RN E &
d(nJ))

2 o2

vDistance map c(n,j) = exp(—=

v Affordance map C = maxpool(cy,cy, ..., Cr)

Input 3D Scene Aftordance Map

' SOGANG UNIVERSITY 21 LaB



1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You CanV

» Main method
- Affordance Diffusion Model (ADM)

-CHEat 22 342 SdH affordance map CE ‘4 S °.:.F

. € RV*¢ : RGB pomt cloud

oy ) (CO:Tlsr L) - (CT) Ht 1Po (Ct 1|Ctr S, L) L [wq, Wy, ...,wy] : Language description
- ADM-2 perceiver & E 2| architecture 2 ' & 01 =

'« Perceiver2h TransformerE =85t Bt= MG L2 2 Transformer= languageOi|
EHOHH':Ir CHE &= 9;'\919'# PercelverE o= -7'51-r—| 2 HOHE OE = US

Motion Sequence

Input 3D Scene Affordance Map

Denoising Transformer

Xt%
%I, xT xT

Affordance Diffusion Model (ADM) Affordance-to-Motion Diffusion Model (AMDM)
AW U VDS
LAB
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1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You CanV

* Main method

- Affordance Diffusion Model (ADM)
—Encode, Process, Decode®| 37tX| blockS 2 £ HE| US

= XX}

'« Encode blockOl| A{ attention= =510 point featureg =&
- L7H 2| Process block= =l self-attention= =25} latent feature=S 7§ M &t

. Decode blocks Soff &£ LHE attentlone 238 per-point feature vectorE &8t
ofefiet Z2 A2 Sl ADM G, E x| | sfet

S € RN*6 : RGB point cloud
vLysg = Ec,¢[lICo — Go (G ¢, S, D3] ;< point <lou

[wy,wy, ..., wy] : Language description
Affordance Map

Input 3D Scene

Motion Sequence

Denoising Perceiver Denoising Transformer

e

Attmtmn Layers

@IIII

- Affordance Diffusion Model (ADM) Aﬁmdmce-to-Motion Diffusion Model (AMDM)
| 1B sk VDS
LAB

) SOGANG UNIVERSITY 23
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1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You CanV

» Main method
- Affordance-to-Motion Diffusion Model (AMDM)
~Human motion= 4 45l= CHA|
- Language description2t affordance map= AHE, Z|E & 2 2 motion sequenceS A &2t
P¢(X0 rlC, 8, L) = p(Xp) [1; —1Pp Xe—1lX:, C, S, L)
-ADMI} SALSHA Of2fet 22 =402 AMDME %M 5}st

¢ Lt = Exg ][ Xo = G (X0, t,C, 8, 0|1

Input 3D Scene

Motion Sequence

Affordance Map

P—-C"walk to the chair in a curve >
o ,

Denoising Transformer
Sg AnennonLaye-s
o
K| |V K V ==
=8 Q| § Q §
t—— ] I gg x, .
& - -5 XL Xt
y Affordance Diffusion Model (ADM) Affordance-to-Motion Diffusion Model (AMDM)
q AT sk
S SOGANG UNIVERSITY 24
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1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can?

e Result

- Implementation details
- Image, text encoder 2 CLIP-VIT-B/32E freezed} 0] A2 &t
-ADM: A100 GPU 27l AI-&, GPU & batch size 64
-AMDM: A100 GPU 47} AF-&, GPU & batch size 32

- Datasets
-HumanML3D, HUMANISE

- Evaluation metrics
-R-precision, FID, Multimodal distribution, Diversity, Multimodality
-Goal distance: =1 X|E7HX[2| AE[F LIEHH
- Average Pairwise Distance (APD): 2= data point pair 2| 72| =2 B
-Contact: Humand} X efe| =M &2 7t

- Non-collision: Human motion generationO| A 1A X 0l 2 X125

o)

7|-'<'5I-

|
—Quality score: 24 A =l motion2| 22X S E7tet
- Action score: 5 HSO0|Lt 2| H1tE Bt
R HAB TSR VDS
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1) WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024.

Move as You Say, Interact as You Can?

* Result
R-Precision 1 . . N . .
Model Top 1 Top 2 Top3 FID | MultiModal Dist. | Diversity — MultiModality 1
Real 0.511-%%% 0,703 0.797-"7%  0.002- " 2.974+- 0% 9.503+ %% -
Language2Pose [3] 0.2461-°°2  0.3871092 (4861902 11,021 -046 5.206-00% 7.6761 058 -
T2M [29] 0.4571002 6391003 (7401003 1 pE7i002 3.340+008 9.1881092 9 pgpt-083
MDM [76] 0.319-99%  p408+9%  pe11-"M7  0.544 5.566 027 9.559-086¢ 9 799072
Ours 0.341-°" 0514 0625 0.352519% 5455407 9.772+17  2.83507°
MDM [76] 04189 0.604"% 07075 04801025 3.6311-9%3 0.449066 9 gygt-111
Ours’ 0.4321007 . g291-007 ( 7331.006 ( 3521.109 3.430+-061 9.8251159 9 g35%.075
HumanML3D test set
Model ooal dist.| APD? contactf  non-collisiont quality score! action score?

cVAE [84] 0.422-91 4.094-01° 84,067 99.77-99% 225+ 1.26 3.66 + 1.38
one-stage @ Enc  0.326""® 5.510°°" 76.11°%%* 9971 260+ 1.24 3.88+ 1.32
one-stage @ Dec 0.185%"* 406372 86.43°%*% 0976 3004+ 1.34 418+ 1.16

Ours @ Enc  0.156--998 25071008 g5 861323 99691997 346+ 1.15 4.47 + 0.84
Ours @ Dec  0.156-2°% 2450 96.04°29% 99.70""" 355+ 1.19 4.44+ 0.85

HUMANISE test set

g AR THED N | VPES \
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1)

WANG, Zan, et al. Move as You Say, Interact as You Can: Language-guided Human Motion Generation with Scene Affordance. arXiv preprint arXiv:2403.18036, 2024

Move as You Say, Interact as You CanV
* Result

HumanML3D HUMANISE

Lﬁmmiﬁmﬁ@m ) 4 ﬁh:\\ il
T l’m

This person kicks with his
Siton the table

left foot while standin;

The man walks while P
&_?.. g onto the rail

'

The person jogs around to the left and nght

A

y

(c) ‘

Unseen scenarios

R 447 T8 | VDS \
SOGANG UNIVERSITY 27 LaB
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