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Text2HOI: Text-guided 3D Motion Generation for
Hand-Object Interaction
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Text2HOI

 Introduction

- Text2} object meshE 2 & 2O} 3D hand-object interaction= 24 A

L L O
|_|_ —

OF

- Hand-object interaction= 22 parameter0i| 2|3l 27
-Hand type: Left, Right
- Object category
- Object shape, scale
- Contact regions
O|2 Extst HAS Q@ 7SH= motionS A A 35H7| I8 & subtaskZ &2
- Object contact map generation

-Hand-object motion generation

"Open a box with the right hand."
ﬂ 447 Tl 8k
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Text2HOI

* Introduction
- 3D Hand-Object Motion Generation

"Open a box with the right hand."”

o o

<Text2HOI2| H & Z1t>
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Text2HOI

 Introduction

- Contact map generation
- Text prompt2} canonical object meshE & & 2O}, mesh@t 20| & % 3t= contact map= ‘4 d
- Hand-object motion generation

- 0| = = contact map2t text promptE 0|23l noised inputOf| A| noiseE X7t 2 2 M denoised
output= 4 g

- Hand refinement

-1t object7t A 2 penetrateStA| R1 &0t H2[0| M HHSHEF refine

r‘ Motion
"Pour milk with s 4 direction
the right hand." 2

Text prompt T l ke

T - y
: ¢ 3 = < y &
: ! e
Contact map “9 & Hand-object - Hand )
generation » 3 . ®| motion generation » . » refinement » 3
(Sec. 3.1) S ‘€ (Sec.3.2) : (Sec. 3.3) S
¢ %‘o %ﬂ'

Noised inputs x! Denoised outputs &} Refined outputs %

¥
(I

5 Front
Canonical

Contact
object mesh M,; e AR

mcontact

<Text2HOI2| M A& QI pipeline>
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Text2HOI

- Contact map generation
- Objecte| EHO| 4

- &1} object7 ]

AIS R
guidancel| &gt2

Al
(=13
=

RNES 01I EH off &1t

HES SES
FIK[ 2 A S He,

LFEFLp =

O] &= 2| motion generation 1t Of A{

3D probability map

- Input 2 2 object2| canonical mesh M,,,; 2 text prompt T7 &1 =

_Mobj

SE 280 27|12 LIEH)E

scale s,p; 2 Al

- Repeat _
Fonj
. l » PointNet Global object features
anonical P PointNet e
bject mesh » Normalize [ Prm f
Mo Point cloud Local object features
"Pour milk with T
the right hand.”
e mg a L N N o _".
Text prompt T fCLIP fCLlP (T)
Text features Sampling
N(O .E .............. -
Front Back
|
?T Concatenate Cuntfct
L3 P Pc:ontm.'t
norm fEIlC
Mcontact
Contact map
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Text2HOI

- Contact map generation
- Step 1: Object2| 3D mesh0i|A] Farthest Point Sampling
points(P)= sampling

- Object2| 7|0 2} point cloud PE B,yrm

Sobj

1+ Sop; = Object meshl| SHLZHEH 7HY B vertex7tX| 2| AL
25 M text feature vector=

- Step 2: Text prompt= CLIP encoderE AE

Repeat _
Fonj
N PointNet Global object features
fPointNet —
norm
Local object features
"Pour milk with
the right hand."  CLIPtext
W encoder wp [ - - m s -
Text prompt T fCl..IP fCLlP (m
Text feature: Sampling B
N(0,1) ,@ ..............
Front Back
Concatenate C‘mtf‘:t
P Pc:ontm.'t
norm fellf.
Mcontact
Contact map

(FPS) &1 2|5 S AFE3H N7 2

P i
——== normalize

Cancatenate

-

m
i ntact
Contact map

—.=-+ :Repeat

~-eemme-p : Training flow

——+ : Infere: flow

< Contact map generation2| = >
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Text2HOI

« Contact map generation

1) Charles R Qi, Hao Su, Kaichun Mo, and Leonidas J Guibas. Pointnet: Deep learning on point sets for 3d classification and segmentation. In CVPR, 2017

- Step 3: PointNet? = AFHE S0 sampling =l point cloud (P, )2 25 E{ local feature 2t

= XX

global feature= ==

- Local object feature (Fp5*

- Object EHO| A Zf pointO]| CHet X| S

-Global object feature (Fop, ;)

N

N E
-1 /1 O

o x=x
= T =

- Objectl| TM|X O FLZ=0]| CHDt feature =

Repeat _
El s Fonj
obj—/ | g
» } Ob]ed.’s scale S
. PointNet  Olobal object features Cancatenate
Canonical » » F— ” Contact
objectmesh  wp| Farthestpoint | ‘INormallze ® P, me.ntNe't m » » decnder
M sampling
obj Point cloud Local object features
"Pour milk with
the right hand."  CLIPtext
W encoder B " T T T T T - Front
Text prompt T fCl..IP fCLlP (m
Text features Sampllng N Con:;é‘ttmcgp
of === = - -
Front Back N1y
Concatenate Cuntfct
Poorm Peontact po —.=.# :Repeat
f .......... : Training flow
Mcontact ——» :Inference flow
Contact map
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Text2HOI

« Contact map generation
- Step 4: object feature (F2p5*, Fyp;), text feature vector, noise vector zopeqce = & =
H9FOt M VAE 7|8t contact map prediction networkOf| & =

-~ Zeontace = ground truth contact map2} P,,,.,= O| &AM &

~Inference & [ = Gaussian Distribution®| Al samplingE! z,,,tqcc = inputOll 327+
- Concatenate &l input F¢ = decoder f,..= &5 XS contact map M ppneqer = 7S

Repeat
i - —
. Back
Fonj
obj I- e y
ject's scale Global object featu Cancatenate
PointNet obal object features
Canonical PointNet ™ VA ” Contact
bjectmesh  # f m L L4 dec;der
ec
Mobj Local object features f Ity
“Pour milk with b_;
the right hand.”
g L N N o - . Front )
Text prompt T fCLIP fCLlP (m t
Text features Meantact
NI Samphng ﬁ ______________ _ Contact map
Front Back (
| H
KT ) Concatenate Cuntfct |
I a4 P Poontact i —.=-+ :Repeat
) norm fEIlC
~-eemme-p : Training flow
Mcontact ——» :Inference flow
Contact map

< Contact map generation2| = >
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Text2HOI

« Motion Generation

- Text prompt2f ‘3 =l contact mapS 7|EF2 2 3D hand-object motionS ‘-

—Motion Generation< diffusion process= 7|22 £ 2F=0HH, forward process2t backward
processZ L&

- Forward process

—

- Original motion(ground truth) {x}}-_, Ofl noise2 =7}t 2 2 ) noised motion {x!}_, S A

Xt — w/C_ZtXO + 1 - CYtE

Forward process +— Backward process ~ Frame-wise —— . Agent-wise

. positional encoding ) positional encoding
H : ) @
; Time-step £ '\.L/'
! é | |
- fCLIP (T) l J Masl-ung :
) I H — - 3
Original motion {xu}! -y - @ EB ;
| Add . X}, Ihand | g ﬁ
Add noise ) :
! 4 ‘ - -8 -
. I Higontact B | 2 gl
t, rhand 0, rhand
o e | rmmame 2
. &) B
T8 B T R
- L . : I AI
: : o Xt, obj ] 0, obj
i i ; L - olL
Noised motion {xi}fzi Sobj {xhi, : : &,

< Motion Generation2| XX QI pipeline >
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Text2HOI

« Motion Generation

- Backward Process
~Forward processO| A| noiseZt =7HEl x, & G2 = S50 M4
- Motion x, 2} conditions ¢ = {f L7 (T), Mcontact> Fobj» Sopj = L215H0] denoising 18 & 21
- Transformer Input Generation
- NoiseZ} =7}F=l motion x, = transformer L 20| A &t& 7tsot dAloz H
- Conditional Input Generation

' Conditions c& ‘8 ‘345}0 motionO| text prompt & A0 5 HE

)

rtot

Forward process +— Backward process ~ Frame-wise —— . Agent-wise
positional encoding & positional encoding
H 1
. O
; Time-step £ L \.L/'
i‘ |
- Ma.skmg .
: U OB I :
b | E — - ™
Original motion {xu}! —q! - ;.
(. x! g p
1 dad . B : t, lhand | 3 -
Add noise . 2
_ | “‘9 ‘1 - o0 - ; -7 w4
. | Tcopract xl a )‘Ei
: t, rhand 0, rhand
- () | rthframe %
4y E 5 -0 N I
1 . . H
. ob : 1 ol
: ! ) Xy, obj | %0, obj A
Noised motion {xi}fzi Sobj J {xi}f;i . : &,

< Motion Generation2| XA QI pipeline >
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Text2HOI

« Motion Generation

- Backward Process - Transformer Input Generation

-3D hand-object motion x; = {X{ jnanas Xt rhana: Xtobject } = E &
LAY framel| 12 QEE Z M| Q| featureES 20|

- Zf time stepOl A transformer model O] 2 & (x,)= BHOFA CHS step (x,—;) = &
- Frame-wise positional encoding

.= Agent-wise positional encoding

Forward process +— Backward process ~ Frame-wise —— . Agent-wise

positional encoding ) positional encoding
: v
s ! ; Time-step £ '\.U
‘z | |
R | fCLIP (T) l J B Ma.skmg
: ' I 3
Original motion {xf,} !_1I ! x- @ EB g‘
t, lhand 5
l. Add noise : 5 9 E n @ e|3 3 ;
. 1 --b - - ; - i
: | Wicgpeact xi rhand é xﬂ o
: S I-th frame ' B
3 o w -8 -J
. 1 bi : . —
: : - X1, abj | X0, obj

. . i i : : PARYA
Noised motion {xi}fzi Sobj J {xi}f;i . . {ZpH=1

< Motion Generation2| XX Q! pipeline >
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Text2HOI

« Motion Generation

- Backward Process - Transformer Input Generation
- Frame-wise positional encoding
- Frame 7+ A2t =AM " E & encoding

= 12O A Al ZE = A1 7t transformer model O] Hets| ME £ =& MOIH H2|E
+=2tX O Z encoding

- Agent-wise positional encoding
:j;Transformer7f agent(RE =, &, =X|) ArO[2| 2HA E st&5t7| |l

Zt agentOi| 229 $t positional encoding valueE £ 05 P04 input dataE agent 22 L2 5

"o ol 2 &}
Uk, R\
S A K-

<Text2HOI2| H/d™ Z1t 0| A| >
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Text2HOI

« Motion Generation— T K| & S &

- Forward processH| Al x, Ol noiseE F7t5H0] x, & 4o
—Xt = {xé,lhand' xé,rhand' xé,ob ject}

- Conditional Input Generation2 &5l text2} object 'S 2 & HIE O
- C= {fcup (T), Mcontacts FopjrSonj}

- Transformer Input GenerationOf| A positional encoding
~Xtinput = Xt + PEframe + PEqgent

- Noised motion x; ¢ 2+ conditions cE A& Y denoising £

-Xt—1 = fraor (Xt input, t, C)

Forward process <— Backward process ~ Frame-wise - . Agent-wise
positional encoding positional encoding

i )
? : Time-step t =®
i‘_ N J o

' fCLIP (T)
. £ ! c- -+ D 5
Original motion {xf,}f;i: | x- @ @ %
t Ihand g o
] Add noise : S . g ﬁ n @ e‘a 3 “
1 J -—b - - o > l
3 I Wcontact %L pond E_ 2 pna
: S [-th frame ) &
R | W - N
1 . . :
5 : iy ' Xiobj | £0, obj
i i hi hi L TRy
Noised motion {xt}[=; Sobj {xit=1 &L,

< Motion Generation2| XX Q! pipeline >
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Text2HOI

« Hand Refinement Network
- MM =l hand-object interaction2| S 2| % EtE Mt XfHA 28 At
- 9 =l motionOf| Al e = = =X E
~Hand?} objectE penetrateSt L} ®|CHE ©HSHK| S &=
-2 Aot A XFHA P2 motion0| FX| & X| %2 = US
- Lrefine = Lsimple + Lpenet + /u'contact
- A: Contact loss2| 7+& X| (1=5)

- Simple L2 loss
-3 & =20t MX| hand motion AFO| 2| X}O| & %A}
~Lsimpie = Znana — Xnanall®
' Xnana- Predicted hand motion

' Xpand - ground-truth hand motion
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Text2HOI

 Hand Refinement Network

- Penetration loss
-9 HHO| M| L& 2 penetrateSHX| X == 3}

rl>

_Lpenet = lleft : ”d(vlhandr ﬁobj)”2 + lright ' ”d(vrhand» ﬁobj)”2
S Vihand, Vrhana' = M| £H LS 2 penetrate?t &2 #H FH
Stlieres Lrigne: B, LE&5 20k indicator function
c Pyt BRI THE FhHR mOIO|
- Contact loss

-&1F =M Afolel H& Y S 23

. N 2 ) R 2
_Lcontact = lleft ’ ”d(]lhand» Cobj)” + lright ’ ”d(]rhand: Cobj)”
2 Jihand Jrhand - %xﬂgf threshold TEE|' 7-| E—ljl- 7|-7)|'% =0 'El-xé

s:opjc A 7HY 712 =X 2|

S
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Text2HOI

» Experiments

- Datasets
-H20, GRAB
.= Hand-object interaction dataset

:': Two hands and one object
- DatasetOf| A] =01 Zl action label= O|&3}0] “{action} {object category} with {hand
type}"& AtS ‘&8
v*“Open a box with right hand”
-ARCTIC
::RGB O|O|X|0f| M &1t = A| 2| 3D reconstructions ol &7l =l dataset

;= Action label O] F=O{X[X] R47[0f 2 E +S 2= text prompts &S

- © = dataset= MANO hand parameters, object meshes, object2| rotation2} translation S £

M-S
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1) He Zhang, Yuting Ye, Takaaki Shiratori, and Taku Komura. Manipnet: neural manipulation synthesis with a hand-object spatial representation. ACM Transactions on Graphics (ToG), 2021.

Text2HOI

» Experiments

- Evaluation metrics
- Accuracy
- Frechet Inception Distance (FID)
:'« Feature spaceOi| A A K| 2F 48 4 =l motion 7F2| 7 2| (X}0])
- Diversity
s/ ot H= motion sample 72| XjO| & 7|gto = Ctd B}
- Multimodality
- 578 text promptOf| CHSH CHAot Z1HE Hde 5= U= model2] 3= B
-Physical Realism
st 8 =l motionO| HOHLE &M QIX| H 7t

;' ManipNet? 0| A AH& El physical modelOf| [h2} 2+ Z 2§ & Of| CH3H real(1), unreal(0) £ O

;‘ 5.")0!-“‘ 5!..:3_ VDS
! SOGANG UNIVERSITY 19 | L |



Text2HOI

» Experiments

- Results
H20
Method Accuracy (top-3) T FID | Diversity — Multimodality T  Physical realism 1
GT 0.9920 + 0.0003 - 0.6057 + 0.0050 0.2067 + 0.0024  0.4790 + 0.0002
T2M' [8] 0.6463 +0.0014  0.3439 + 0.0006 0.3475 + 0.0040 0.0634 +0.0022  0.3890 +0.016
MDM [27] 0.5832 +£0.0011 0.3015 £0.0011 05127 £0.0054 0.1738 £ 0.0049  0.5572 £ 0.0013
IMOS' [6] 0.5518 £ 0.0026  0.2945 + 0.0011  0.4076 £+ 0.0056 0.1798 + 0.0115  0.3532 + 0.0026
Ours 0.8295 + 0.0015  0.1744 + 0.0013  0.5365 + 0.0073  0.2469 + 0.0081  0.7574 + 0.0022
GRAB
GT 0.9994 + 0.0001 - 0.8557 + 0.0054  0.4390 + 0.0045  0.8084 + 0.0002
T2M' [8] 0.1897 £ 0.0007  0.7886 £+ 0.0005 0.5712 £ 0.0078 0.0964 + 0.0027  0.5844 + 0.0002
MDM' [27] 05127 £ 0.0009  0.6023 £ 0.0011  0.8012 +0.0054 0.5194 & 0.0145  0.7382 = 0.0004
IMOS' [6] 0.4097 +0.0005  0.6147 +0.0003 0.6861 + 0.0060 0.2845 4+ 0.0036  0.6418 + 0.0014
Ours 0.9218 + 0.0010  0.3017 + 0.0004 0.8351 + 0.0061 0.5216 + 0.0131  0.8839 + 0.0005
ARCTIC
GT 0.9997 + 0.0001 - 0.5916 + 0.0037  0.3279 + 0.0038  0.9573 + 0.0000
T2M' [8] 0.5234 +0.0015  0.3599 +0.0005 0.3301 £+ 0.0023  0.0849 4+ 0.0017  0.0143 + 0.0001
MDM' [27] 05572400012  0.3025 £ 0.0006  0.4984 +0.0039  0.2632 & 0.0065  0.7043 = 0.0009
IMOS' [6] 0.8190 +0.0039  0.1826 + 0.0005 0.5702 + 0.0039 0.2741 +0.0049  0.7569 + 0.0023
Ours 0.9205 + 0.0012  0.1329 + 0.0006 0.5758 + 0.0042 0.3170 + 0.0068  0.8760 + 0.0009
< Text2HOI2t 7| & methods@tO| M & H| M & >
A szutta VDS
6 SOGANG UNIVERSITY 20 A



Text2HOI

» Experiments

- Results

“Fly an airplane with the right hand."

£ 2 A et
& & & &

“Close a microwave with both hands.”

ammwwO

“Pour milk in round bottle with the right hand." (Unseen object)

et f

a teddy bear with the left hand (Unseen object)

P edri

Predi l:ted contact map

:::::::

Time
< Text2HOI2| M MHEAN Z1f >

woudkan
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LEGO: Learning Egocentric Action Frame
Generation via Visual Instruction Tuning
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LEGO

* Introduction

-UserO| Al &7 taske| = = LdF= O 7| LLm 22 2 oA = 0| =)
-LLM2 task2| YHHX QI gHH.2 2= X[ Tt userl| 820 St= X[ &2 XN SSHA| 28
~-VLLMS| B &=2t0f| &= description=2 Y2 K| T, THO| 7|gHo| 2 22X 0| X| gt

 HIAE = OO X Lt L[0| A XMe| H27F =8
Zt

== userl| SXf A|HOM HFS2 Al

S| egocentric hand imageS
MSH0], AFR AL S5 2 O|8l|5t 1 task 2 %=

(o]
o =
—_ (-
Aot= g s O AAHC = X[ &

Actions in Existing Egocentric Datasets
art kettie open ‘the tap
il into doughgiecemse |

wash trouser with brus
nm the flower

User Prompt

“Can you provide
instructions on how to
% wash the trouser with
the brush in my current
% clean a 5|eve

ituation? "
SUMALON adeSt gaSamchthe wire
= ] | OPEﬂ fridge pourthe topsml
1. Check the Care | “1 You should submerge
Label: Check the care i the trouser in the water:
label on Your trousers for !
any spec ific washing i 2. Use the brush to scrub
mstuctions. i the trouser; focusing on
e i any stains or areas that
2. Prep the Area: Find a | may require extra
clean and flat surface to . an;n:gn_
work on, such as a table '
or countertop. E 3. Once the trouser is 1
e \ clean, you should rinse 1
. t Check Stains: " o e . 0
. ) : @ |
E ! : &=
i
(a) LLM Response E (b) Visual LLM Response E (c) Our model (LEGO) Response

<LLM, VLLM, LEGOS| &t H| >
ﬂ B THSED N |VDS |
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LEGO

 Introduction
= Input

- 574 actiong T=Hot= HHS == input query
- ST 29| egocentric view image

- SrAIE
- &1 X egocentric datasets2| action annotation= B AL} SALRF &2 THO{ 28t O| RO &
- O| 2 Theoh label TR 2= M EX QI 2T Y O|L} 2H| 2] 22 Y E ot5dt7| O 22
-4} diffusion model &< exocentricet O|O|X| E 2 &5
- Egocentric O|O|X| = Al A L £ HRO| Ct22 =2 7|E ZEHO| O|F H=5|
Olsliotn H-d5t=0 oje{=

Actions in Enstmg Egocentric Datasets

o s art«en(o Open the tap
. rub oil into doughgicems

1 sew the cloth doll open the glue can

wash trouser with brush

squeeze balt ofdough

clean a sieve trim the flower

shake the spray adm e

“hissadjust gasattach the wire
Open fridge pour the topsonl

< 7|2 Ego dataset2| action annotation >

ﬂ AT TUSED | VDS |
SOGANG UNIVERSITY 24 Las



LEGO

* Introduction
= == 0| oA E = sl Zot= U E
-Data Curation
;= Visual Large Language Model (VLLM)= visual instruction tuning= S5l St5 A7, 7| &
Ch=3t labelOf| A detailed®F 2 M H S A4
;': “Chop onion” -> “The person presses the onion on the chopping board with the left hand then
cuts off the end of the onion with a knife right hand.”

-Visual Instruction Tuning

s+ Finetuned VLLMS Sol| 2 =l image X text embeddingS diffusion modelOff 2! 243}0f
domain gap SH 2

A% Hdka VDS

. SOGANG UNIVERSITY 25
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LEGO

» Egocentric Visual Instruction Tuning

- Data Curation for Visual Instruction Tuning
-GPT-35& M%3}04 egocentric imageOf| CHSt action label 2t 24 A 2] bounding box& &
O MEH0|1 F

ot action description= 4 o

7|& Eg04D|—f Epic-Kitchen dataset2]
boxZH2 A5

: GPT-3.52 Adl= &E0| LI2 =& In-context learning= A

ﬂ B THED

SOGANG UNIVERSITY

i 0.343,0546,0.586]”

_I

, Input Query
! Action Label: “chop end of onion"
E Boundmg Boxes: “/ A 3 0.3568

vieht h 0530 0527 0797 10007
, right ha ..-:U,J,- 0.52 0.797, 1.000/,

, kmife-[0.484,

! Action Description: “The person presses the

on the with the /zi7 hand and

:
'
i then cuts off the end of the onion with a knife in the

A2, 02 ZHEESH action label,

|._Q_

Input Query
Action Label: “squidge into Ium:h box
Boundmg Boxes: “/ -[0.4

0], right hand-[0.654, 0.949, 0.70

, container lid-[0.403, 0.454,
0.513, 0.635], for 9 2,1.00]"
GPT-3.5 Response: “The person uses their =/

hand to hold a , while their right hand uses |
a jorl to squidge food into the , which is i
i placed on the with the container lid nearby.”

< GPT-3.5 0| &%l data curation >

olg Hko}

42| bounding



LEGO

» Egocentric Visual Instruction Tuning

- Data Curation for Visual Instruction Tuning

- In-context learning

2 7k 9] O M| S

I O a
TrEol't %I'té'

= In-context learning=

—

QIS GPT7t SANSH AEIUD TER &

2|2t £ 7] action description2 2!

—

Input Query

Action Label: “chop end of onion ™

Boundmg Boxes “left hand-{0.203, 0.3

1.0 ight hand-[0.530, 0.327, 0.797, 1.000],

, kmife-[0.484,

0.343, 0.546, 0.586]”
! Action Description: “The person presses the
: on the with the /zi7 hand and
i then cuts off the end of the onion with a knife in the

right hand.”

Input Query
Action Label: “squidge into hmch box
Boundmg Boxes i 799, 0.591

, right hand-[0.654, 0 949, 0 5" 1.00],

, container lid-[0.403, 0.454,
0.513, 0.635], for 9 72,:1.00]™

GPT-3.5 Response: “The person uses rhen left i
14 to hold a , while their righ i uses |
a for'k to squidge food into the whvch is

placed on the with the container lid nearb\t ¥

< GPT-3.5 0| &%l data curation >

ﬂ 447 Tl 8k
27
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LEGO

 Egocentric Visual Instruction Tuning

- Data Curation for Visual Instruction Tuning
- In-context learning

-Of2 2 2lut Z-2 promptE 0[-8310] action label, object bounding box, manually annotated
action description= GPTO| Y=

;= In-context learning 21t 24 A =l action description= 0| &3l visual instruction tuningQl At-&

System: You are an Al assistant that provides a description of an image based on the action
and object context. The action consists of a verb and nouns. Each object location is
represented by a bounding box. For each bounding box, four numbers are provided in
brackets — they are [x-coordinate of top-left, y-coordinate of top-left, x-coordinate of
bottom-right, yv-coordinate of bottom-right]. The origin is at the top-left of each frame. The
x-axis is on the top and the y-axis is on the left. All coordinates are normalized to the range

i'

from 0 to 1. This mfor ‘mation can be used to infer rhe Sparza.’ refanon af hands and objecfs
natural and holistic styl d i letail

Note that the detailed narration |"" ma

which hand is used

1 . to " orus

“out”, “front”, “back

Many

i User: Examples for learning: (1) {Example-1} (2) {Example-2} ... (12) {Example-12}

< In-context learning= ¢5 GPT2| &= 5}= prompt >

T oHdhan VDS
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1) Liu, H., Li, C., Wu, Q., Lee, Y.J.: Visual instruction tuning. Advances in neural information processing systems (2023)

LEGO

 Egocentric Visual Instruction Tuning

- Visual Instruction Tuning

~Egocentric image2t GPT-3.52] action descriptions O] 23}0] Al A %t

VLLMZ o5&

2 =R Me LLaVAYE baselineL 2 &

i Can you provide structions on how to

i wash the trouser with the brush in my | Head
i current situation? ! A M @

User Prompt P Large Language Model Text Embed. #, (a) Instruction Tuning

Proj. o £0X)

Text Enc. i m
=,

Frozen during Training

Img. Embed. #;

| Use the brush in the right hand to wash
+ ! the trousers while holding the trousers i

' 1n the left hand.

Linear Enriched Action Description ®

% Auto-Encoder L
Input Embed. __

Action Frame )/

(b) Action Frame
Generation

I
Wﬁ:kﬂns in LLM feature space :

Proj. i Self-Att. # Finetuned during Training  (FF Tokens in LDM feature space |

N 447 Tl 8k
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LEGO

» Egocentric Visual Instruction Tuning

- Visual Instruction Tuning
- Egocentric input frame y+= CLIP image encoder ¢ & AI25}0 featureES ==
- 0| =2 linear projection TE A|7{A] image embedding H; = text embedding &7t 2 Z project
+Hy = 1(¢(X))
- Prompt templateQi| action label annotation= 3=7+5+0] user prompt PE 4
- O| = tokenizeSt % image embedding H; 2t Al LLML| inpute = & =

=
St

-LEGO2| LLM2 GPT-3.59] action description= ground truthZ 30§ &t&

D | Use the brush in the right hand to wash!

! the trousers while holding the trousers
© in the left hand. i

- - Proj. r
Input Frame Img. Enc. ¢

i Can you provide mstructions on how to | Linear Enriched Action Description R

i wash the trouser with the brush in my | Head
| current situation? : & ' ) M @ -

User Prompt 7 Large Language Model Text Embed. #, (a) Instruction Tuning

< Visual Instruction Tuning >

R AT THSED VDS
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LEGO

 Egocentric Action Frame Generation

-

- Diffusion model 2| egocentric domain gap issueS S Z235}+7| 2|3l LDM conditioning =7t
- & =& Latent Diffusion Model (LDM)2 AR
~Finetuned VLLMO|| A ‘44 =l detailed action description R= CLIP text encoder 2 = (R)
-Image embedding H; = linear layer o5 1A A| LDM Q0| Mot XA = H7E o(H,;)

~Text embedding H, & projection layer uE HE 2, MH A Ol textO| O|0| & EESH| IS A
self-attention layer 1 S1} A& m(u(H,))

-Z1™ O 2 | DM conditioning € = [Y(R), o (H;), t(u(H))]

ﬁ Auto-Encoder .
Input Embed. ___

Proj. o £(X)

Action Frame J/

----------------------------------------- b) Action Frame
Conditioning € 1 ( }GenI:ratinn

Text Enc. i isl
_________________________________________ |
. - : Frozen during Training WTnkgns in LLM feature space :
|

Proj. u Self-Att. 7 l'" Finetuned during Training () Tokens in LDM feature space |

_________________________________________

< Action Frame Generation >

ﬂ AT THSED VDS
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LEGO

 Egocentric Action Frame Generation

7|Z& LDM2| EM0f| A 7| egocentric image y = latent space 2 encoding

—Pre-trained autoencoder E5 A2 £(x)
- Diffusion2| denoising UnetO| A{ cross-attention 2! 34

-Query: E(x)
-Key: LDM conditioning € = [Y(R), o(H;), t(u(H:))]

- X|EZ X O Z pre-trained decoder& &Sl action frame Y ‘-4

% Auto-Encoder . o '
Input Embed. ___
Proj. o £(X)

Action Frame J/

(b) Action Frame
Generation

Text Enc. i m
=

Proj. u Self-Att.

|
Frozen during Training %Tﬂkﬂns in LLM feature space :

'.” Finetuned during Training [T Tokens in LDM feature space |

< Action Frame Generation >

N 41 TH8E D
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LEGO

» Experiments

- Datasets
-Ego4D
.= Egocentric view video dataset
= O17to] A At=bE S CHFSE backgroundOf| Al & A3 dataset
- Epic-Kitchens-100
.= Egocentric view video dataset

R HE52 SN R egocentric A|™HO| A £ HSt dataset

-HIOlE MO EE SO A|ZE[7] M =2t S0 SEE 2o =2 ==
WSO SEE FO| Y= ground truth2 AR
R HAETHEED VDS
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LEGO

» Experiments

- Evaluation metrics
-Egocentric Video-Language Pre-training (EgoVLP)
;- Egocentric video2} textZt2| 2tAH & St& 5= pre-trained multimodal
s Text prompt2f 8- =l O[O X| AtO| 2] YX|E=Z egocentric £ Of| A H 7}

-EgoVLP+
;:EgoVLPL| =& B | text-video AtO|2| A E & modeling®t
-CLIP

2:CLIP Z&Z AHESHY text2t image AFO|2| Q|0|& FALE S
- Frechet Inception Distance (FID)

s dE O|0[X|F & O|O|X| Zko| X}O| & SHot= A&
-Peak Signal-to-Noise Ratio (PSNR)

s:Imagel| M8 SEHS B7I6H7| fle X[ &
- Learned Perceptual Image Patch Similarity (LPIPS)

s O[O|X| ZES[ X1O| & Sl Al A H mAd S 58ot= X &

rl
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LEGO

» Experiments

« Results
-LEGO7Zt 7|Z& BB = E L} text prompt2t & A etst O|0|X| & MdEt
;& A imagelt & CHEC 2 I FAlSH O|O[X| & 485, LA &Z
Methods EgoVLP EgoVLPY CLIP FID | PSNR LPIPS |
ProxEdit [26]  44.51 72.68 68.17 33.01 11.88 40.90
% SDEdit [59 50.07 72.90 73.35 33.35 11.81 41.60
& IP2P @ 62.19 78.84 7875  24.73  12.16 37.16
LEGO 65.65 80.44 80.61 23.83 12.29 36.43
g ProxEdit [26]  32.27 52.77 65.80 51.35 11.06 46.35
<= | SDEdit [59] 33.84 56.80 74.76  27.41  11.30 43.33
E IP2P @ 42.97 61.06 77.03 20.64 11.23  40.82
- LEGO 45.89 62.66 T78.63 21.57 11.33 40.36
< LEGOZ2} 7| & model 2| M5 H|l1®H >
R 447 Tl 8k
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LEGO

» Experiments

- Results
-Ego4D test
Input Frame ProxEdit SDEdit InstructPix2Pix
“How to rinse the jacket inside the ;)lastic bath?”
“How to pour clay mix from the brick mold on the ground?”
< LEGO2} 7|Z= model52| MHH HIt>
AT U
SOGANG UNIVERSITY 36




LEGO

» Experiments

- Results
- Epic-Kitchens test

Input Frame ProxEdit SDEdit InstructPix2Pix

“How to take glass?

“How to wipe sink?”

< LEGO2} 7| & modelS2| HAM™ I} >

R AT TUSED | VDS I
SOGANG UNIVERSITY 37 Las



AFghL Ct

I

!

VDS

m
e
i

38



	기본 구역
	슬라이드 1: 2025 겨울 세미나
	슬라이드 2: Outline
	슬라이드 3: Text2HOI: Text-guided 3D Motion Generation for Hand-Object Interaction
	슬라이드 4: Text2HOI
	슬라이드 5: Text2HOI
	슬라이드 6: Text2HOI
	슬라이드 7: Text2HOI
	슬라이드 8: Text2HOI
	슬라이드 9: Text2HOI
	슬라이드 10: Text2HOI
	슬라이드 11: Text2HOI
	슬라이드 12: Text2HOI
	슬라이드 13: Text2HOI
	슬라이드 14: Text2HOI
	슬라이드 15: Text2HOI
	슬라이드 16: Text2HOI
	슬라이드 17: Text2HOI
	슬라이드 18: Text2HOI
	슬라이드 19: Text2HOI
	슬라이드 20: Text2HOI
	슬라이드 21: Text2HOI
	슬라이드 22: LEGO: Learning Egocentric Action Frame Generation via Visual Instruction Tuning
	슬라이드 23: LEGO
	슬라이드 24: LEGO
	슬라이드 25: LEGO
	슬라이드 26: LEGO
	슬라이드 27: LEGO
	슬라이드 28: LEGO
	슬라이드 29: LEGO
	슬라이드 30: LEGO
	슬라이드 31: LEGO
	슬라이드 32: LEGO
	슬라이드 33: LEGO
	슬라이드 34: LEGO
	슬라이드 35: LEGO
	슬라이드 36: LEGO
	슬라이드 37: LEGO
	슬라이드 38: 감사합니다


