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1) Brohan, Anthony, et al. "Rt-1: Robotics transformer for real-world control at scale." arXiv preprint arXiv:2212.06817 (2022).
2) Brohan, Anthony, et al. "Rt-2: Vision-language-action models transfer web knowledge to robotic control. arXiv." arXiv preprint arXiv:2307.15818 (2023).

Background
- MEHE: 2EX I Y2l Bt
- £ N0 &A1 0| Rule-based 0| A] Data-driven AI AgentZ H 3}
- EX AT A H0]e Hzt
- Hardware: Boston Dynamics2| O} =2tA(Atlas) & SHEO|E 282 %
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— a
Ao WE YA S M2 WO R Hold A

g HABTHE <Boston Dynamics, Atlas> VDS

SOGANG UNIVERSITY 3

-
=
m



Background
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https://medium.com/@black_51980/physical-intelligence-for-humanist-robots-08b26aacf8f3
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Background
« 7| B2Y 24: Google vs NVIDIA
- OIO|H &FZ 3l Z: Googlex 2| HIO|H, NVIDIA= A|=Lf|0[d S &&
* Google (Real-world Data Approach)
-Cifet & X 2X% H[0|H 7|t = THE 2| =
-RT A|2|Z, Open X-Embodiment
* NVIDIA (Simulation Approach)

- Isaac Sim, Omniverse & L E=2tE A|=120] E‘| 22
-7t S0 22| A|ZES 7HSSHo] o 2 B
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8. La Fal

1,798 Attributes - 5,228 Objects - 23,486 Spatial Relations

<Open X-Embodiment> <Nvidia, Simulator based>
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1) Lee, Sangmin, Sungyong Park, and Heewon Kim. "DynScene: Scalable Generation of Dynamic Robotic Manipulation Scenes for Embodied AL" Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Background

£ A E-E: DynScene! (CVPR 2025)
-HIAE XA 2 BN T HN SH AN S E5H M H5l= DynScene
-<MEZ E0jep et &2 HIAE FHH(Instruction)= Y H
' Diffusion 2 & O| 222 7| X|2F =X, 22|10 &l HE(Trajectory)= ‘&S
Hisk. 28 |0l = X € diffusion 7| =2 S| 2
 Training Robots Without Robots
- 2| ATl (Isaac Sim) LHO|M HA| 2 2 7t HO[H 2 EHE
- AR ECEHO[E dd 527t 26.8H] H20, (O|HES| S &2 1.84H) =Lt =%
-8 &% X2 CVPR, CoRL & T8 &3]
-2 X B0l A|E2{0|MEte = T|O|EH & &

=
Static Scene Generation Action Generation Dynamic Scene Generation
“The room has a sofa, table, red uPick up the bottle” | " ,
{ bottle, and Franka robot” 1 [ ck up the e Pick up the bottle ten centimeter”

IS =

Inadequate object position for task execution Limited data diversity for i i \

R Ay k-Ln <DynScene pipeline> VDS
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Background

« A4 £ OF: Human-to-Robot Motion Retargeting
-S4l = H (Objective)

=
-QIZHH|C|2 0| E 3D 2& H|0|H 2 H2tst= nio| =22l
- Ab2| & B 2k(Social Context)O| E2H=l L2 ot5 GO H Al Mo

- Future work (217t & 2 A
-SMPL 7|"t Latent Representation 2 H9, 2 20| AIRT N EH M FSIE = [0 H A-d
- HE| 2 H Diffusion LfO|Z2}QI
< Input: 217F RGB G4 + HlAE 74 H(Text Description)
s Output: £ RGB H|O|E + &S (Action) Ci| O] Ef 44

- Isaac Lab in Real
Demonstration Omniverse Digital Twin Robot

<Nvidia, Human motion retargeting> <Boston Dynamics, Human motion retargeting> VDS
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Human2Robot: Learning Robot Actions from Paired Human-Robot Videos

P i g d k- VDS
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Introduction

e Contribution

- Human-Robot O & H|O| B Al L=
-AMEte| &1f 2 &2 Zho| X Q0| A|SZHH o2 HSHA HE = M0y ME #+=5

- Human2Robot Framework Al| ©F

Robot Video : Human Video Human2Robot Real Execution
\ e T—
‘e 2

Y3 - Yo

w]

g
U

| 4 . "'.
f | SS Inference b
<Human-Robot O & H|O|E{ Al F1=5> <Human2Robot Framework | 2+>
R AW THEE D VDS
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Method

e Framework overview

- SIMEZ LHF0l 293

| Spatial Layer
e Spatial-Temporal UNet [ | Temporal Layer
VAE
Decoder
Behavior
Extractor | :
KNN-based Guidance ’ VAE [ D
: Encoder
Manual Guidance
‘ tial UN
Inference Stage1 Spatial UNet
rd
@ﬁ = ‘I Video Former . ‘I Noise \
@ : | | |
c | 1 1 1
% i— , < : l— [ Diffusion Policy ]
2! | Sc 5c z .
S T1EE[e51 2 [T !
E I 1 @ I I 1
1
t 3 : : ®N 1 :
! - | 1
F re= == 1
> | \| e 1 \| time | :
VPM )K L S — N .
o’ .
Stage2 K Action Decoder
e &._ a <Human2Robot Framework> VD S
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Method

* Part 1: Synthesizing Robot to Human data
I
~Human: AHEC| A|H H|C| 2 (Human Video)
-Robot: M| A HIY 2| A (Robot Initial Frame)
- =3 Robot RGB image

. 22 A: Human Data $/0f| 2% 22| 2% 2 Diffusion 2 H 2 T4

~AfEto| & 2Xlolq 2 5o

=

i 220| 0] SEZ BICHRI OfE

| Spatial Layer

Spatial-Temporal UNet | Temporal Layer

VAE
Decoder

Behavior
Extractor

 VAE
Encoder

Spatial UNet

” A7 TN &._ o <ST-Unet>

SOGANG UNIVERSITY 11

VDS



Method

* Part 1: Synthesizing Robot to Human data

- Feature encoding

- Human: Behavior Extractor

ol OS2 ot WEX £ (Action Prior)S 21 ESH0] ST-UNet0Of] ™ 2

x= O
vEte= =R o2 7

L =T =

-Robot: VAE Encoder

HH-dHOoO ClC
‘_rL—jF—&l'(&l T=o= |:|FoF

-2 7| & Stable Diffusion2| A st&5 =l 7}5X| & A2 714 1™

EEETT Spatial-Temporal UNet
Behavior nm
Extractor

*

! VAE ¢ r D
Encoder L

Spatial UNet

| Spatial Layer
| Temporal Layer

VAE
Decoder

‘ 51 —_— &._ o <ST-Unet>
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Method

* Part 1: Synthesizing Robot to Human data
- ST-UNet (Spatial-Temporal UNet)
- Input: Noise (7F2A| @t Lo O| =) + Behavior Features (2! 7!
- Why Spatial? (Spatial UNet2} S X[= O|3)
- 29| 2|H(Appearance) FA| =X
2 2E0|e =N 7HEL 0|2t AXAE YEf M E = Spatial UNetO| A 7t 2
- A&7 B A (T-Layer)

O At SES xHCE =Y 7to| Hatd sk

o

ds JE)

|
A%
A
15
il
[0

i
0

Spatial Layer

Spatial-Temporal UNet .| Temporal Layer

. ' l
!
'
1
1
| | '
T | !
' r
e | —

:

VAE
Decoder

Behavior
Extractor

‘ VAE
Encoder

Spatial UNet

” A4 Rk <ST-Unet> VDS
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Method

* Part 1: Synthesizing Robot to Human data
- ST-UNet (Spatial-Temporal UNet)

- Input: Noise (7F2A| @t Lo O| =) + Behavior Features (2! 7!

o

A5 dE)
-Output: Latent representation

- VAE Decoder (Pretrained Stable Diffusion 7} X|)
- A2t Latent representation > O|O| X| & Zk(pixel space) = Of &
- Output: RGB image

| Spatial Layer
Temporal Layer

Spatial-Temporal UNet

VAE
Decoder

 VAE
Encoder

Spatial UNet

R A7 TN &._J_ <ST-Unet>

SOGANG UNIVERSITY 14

VDS

-
‘D
m



Method

 Part 2: Action Decoding
- HRd: |0 dd 2 (VPM)2 RGB &2 &
-E2X2Z FE0|= & EY(Action Command)= FX|=
- VPM = Visual EncoderZ X ZH-&

- Feature Extraction

1

ol
AT

o2

o
[=]

;'s VPM 2| Upsampling Layer Of| A Latent Features& 3%, Action Decoder2| & =

\
S
N

Video Former ) Noise \

I | |
w —
c | | I
%| : . 2 : :_..[ Diffusion Policy ]
o Zsllss| z H
g TI|&8[es e[
El 1 = : I
| ¥ !
. 3: | xN I I
! = I |
=== r— "=\ 1 I
I , time
. VPM v/ . - . ==
=0 t=T .
\ Action Decoder /

<Action Decoder>

A B
S
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1) Chi, C. "Diffusion policy: visuomotor policy learning via action diffusion. arXiv preprint." arXiv preprint arXiv:2303.04137 (2023).

Method

 Part 2: Action Decoding

- Video Former
_EZE AR STL Y
- Spatial-Attn & Temporal-Attn= =XIEH 2 2 MESI %2 Context= 2
- Diffusion Policy? (Action Generation)
- QOE EX(F, ) Z(Condition)2 2 AHE
L O| 222 H 22| YA (Trajectory) = &
- Output: Action vector (7At&)

= Gripper ¢ | (Translation) >

'« Gripper 2| ZH = (3AHR) [ |
== Diffusion Policy

'+ Gripper Zi{'2f 0§ & (0/1) ;

} t k
Action = [ LTyYsZ 5 Tay Ty, Tz 9 ] ERT | |
N —" N S~~~ ~ time
Translation([R3) Rotation(R?) Gripper(R") VPM

Video Former Noise \

Spatial-
attn
Temporal-
attn
FFN
;'_.4

-
A Y
Leamable tokens \

x
=

\ t=0 t=T
Action Decoder /
<Action Vector> <Action Decoder>
R S THEED VDS
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Method

* Part 3: Inference (KNN Supporting)
- Input: X A|E 2| 2X 7HH| 2} RGB H| O] H
- 718 GOl E| (Memory Bank): 21} Calibrated =l AtZH & G| O| E

= Output
S 225 7HE A EE 2 71! Human Video Q18I A
"} EH
"od

-Feature & & (Dinov2)St1l KNN & AHE3H| 7} RAFSH Human video Q1B A EFAY

> SMB HICIRE FE0) 28

= 1T =

Manual Guidance !

Inference

g S THska <KNN 7|8 SAFH|C|Q EfA>
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1) Chi, C. "Diffusion policy: visuomotor policy learning via action diffusion. arXiv preprint." arXiv preprint arXiv:2303.04137 (2023).
2) Xu, Mengda, et al. "Xskill: Cross embodiment skill discovery." Conference on robot learning. PMLR, 2023.
3) Hu, Yucheng, et al. "Video prediction policy: A generalist robot policy with predictive visual representations." arXiv preprint arXiv:2412.14803 (2024).

Experiment

* Setups

- Dataset: H&R (Human-to-Robot)
_Tz HEAL YR " Q0| M S EB AF

o

e

H
-E3: Q1Zto| &0 2 &8 Lho| F X A0| Al o = 25| M EH (Paired)El H|C|2

~O|O|E{ 7 2: & 2,600 H| T A=
*Pick and place the cup: Z2 O Al C}2 X2 §7|7|

+Pick and place the cube: FE(SHN)E TN HHA| 20 22|7]
» Tasks -Pick and place the pencil: S Z/0{A| Al 9/0 S2/7| (32 £ F7I)
+Push the box: XS 2Z0|M RQEZOZ UT| (H|TX| ZZ}, Non-prehensile)
*Pull the plate: FA|IE ZH 27|
. o 0< 7H 7|_x| 9|_E_”—| | MM = A2 al
_ == . 1 E . : YAIE 2ol
E ?. Push the plate: HA|S 2
Basic Tasks o 8 ) 3 o “Pick up and hold the brush upright: 52 HOIA 42| (ST Ko £2)
*Handwriting (Play data): Z0| £/0j|A 2|0 glo| X o0|= 6"5 RFE2 HH

- Evaluation metric e o
-Success Rate (S5 E): Z ElA3 G202 +d = 435 2+ F5FH
- Baselines (H| @ 2 &)
- Diffusion Policy? (DP): CLIP 210] =272 AFE3St= Action Diffuser
-XSkill?: H|C| 2 7t HEO| 2|Z& (Human VideoE Tl 2H Z 218
- Video Prediction Policy® (VPP): H|C| 2 0| & AL st& 28, Language-conditioned 2| =

R AW THEE D VDS

SOGANG UNIVERSITY 18 LAB



Experiment

» Seen task Test

- S S 30| haf 37hA] ZHE A

2|2 5200 7t

-Push & Pull, Pick & Place, Rotation (Brush handling)
-Human2Robot: B S5 & 95% H

= Ablation study

-VPM 90| At BAZ Action Decoderd| & &
-VPM &5 8l0| HiZ C|3

Push the box Pull/Push the plate

¥ ~ g
- @

Pick up the pen Pick up the cube

into the plate into the plate
e X8

Pick up the brush  Pick up the cup and
and hold it upright place to the other side
= -

s

Seen

Réi U3k

SOGANG UNIVERSITY

2l (10%2 3}Eh

212 23%=2 dtEh

| Push & Pull Pick & Place Rotation Average
DP (Chi et al. 2023) 50 20 15 28
XSkill (Xu et al. 2023b) 70 40 50 53
VPP (Hu et al. 2024) 95 70 75 80
Action Decoder w. Human 50 10 10 23
HUMANZ2ROBOT w/o. Pretrain 20 10 0 10
HUMAN2ROBOT w. KNN 90 75 80 82
HUMAN2ROBOT (ours) 100 9 95 95

19

<Table 1: Seen task Test results>

VDS
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Experiment

* Generalization Test

- Unseen Scenarios (25 0tX| 2 2t4)

- Appearance (M &/X| &). S50 gl= CHE Mol 5 =X =%
~Instance (M 22 =A): &5 Il 2 M ¢l= HiLILE, & & =&
3 sty

-Background (H{ & Hzh: 2ol 24| X A =22 Hi 3

-Task Combination (& 2 ¢ <& ). Tt A =2 =XtH =8
0 BAl U = =X F7)

- Brand-New Task (&89 M| 22

-Handwriting (2M 2 7)) =AtE

2

0

s = Qe S 240w e

L
—
. . . L (@) -+ =
= One-shot Generahzatlon SsEH2 89l 70% & Z4

Push the blue X Pick u, / the p'gp gl’ ck up the brush and

Fox Pick up the cube ball 0 the plat hold it upright . Pick up ba;h cubes
L) Y O ‘0 ) Generalization \ XSkill VPP H2R(ours)
T / ,”, i i Appearance 0 80 100
¥ \f. \. < o @ Position 20 50 80
* -
B O i ‘ ) e = Instance 0 0 70
, i /fy,md’wi Push the box : iun :szmd 7/A i :I the Ipl r[ Combination Background 0 0 80
% E k| ‘ Write H WwriteR . .
- . ig ~Q ": ; ( S Combination 0 0 50
- =~ = Ly R Brand-New 0 0 70
Appearance Position Background Brand-New

<Unseen task Test results>

R AW THEE D VDS
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A

Phantom: Training Robots Without Robots Using Only Human Videos

ABTNE-D
SOGANG UNIVERSITY 21

VDS

-
=
m



Introduction

e Contribution

» Zero-Robot Data Generation

_22 Go|5 90| 2% 017HH|C|QFIo R WML Bt
'« 25 teleoperation H= o2k K| A, 2t & A (scalability) =X = ol 2

= Zero-Shot Generalization
-SHE 0| AFE K] 42 M 22 HiA(Scene)O|Lt =& 2HH(OOD)ME ZA| HIZE 7t

 QIZtel HE K| R4, 7ty 2RE &d(Overlay)otOf A|Z4H =0 Q1 5 2

Collect human videos in many scenes

Rendered robot + inpainting (no real robot data)

R AT <Phantom pipline> VDS
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Method

- S3MootEE 23

» Part 1: Collect Human videos
» Part 2: Human-Robot data Transfer
- Part 3: Zero-shot Testing

Collect human videos in many scenes

Train

RGBD

Extract action

Inpaint hand Overlay virtual robot h

RGBD

Train TU

RollSlth TT

A

ABTNE-D
SOGANG UNIVERSITY

<Phantom pipline>
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Method

* Part 1: Collect Human videos
- Human VideoS &2t 22 (Scalability)
- 0740l 2 X FH[L 2| 20| FX| @10|, RGB-D 7|2t 2 H|O|E =%
- 29| Parallel Jaw Gripperg 2 ASH| 2[dl, AX|QF AX|THS AHE0t= HEN =%}

-OFQ[, 2H2X| & CtFet 2H& (In-the-wild) 0l A =TI 5H0] HIO|H 22 CHtg}
-RGB-D 702t &8 O|
-4 Bt 3D Action = (Precise Action Extraction)

TtOH(Monocular) 7 | P& Z= = (HaMeR)2 22 E 2 2 Scale AmbiguityE 72

Collect human videos in many scenes

<Collect Human videos>

ﬂ AT THSED VDS

SOGANG UNIVERSITY 24
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Method

» Part 2: Human-Robot data Transfer

- 3D Hand Mesh Recovery

- =X Human Video Z2{| (1, ,) 2 25 E 3D Hand Keypoints& ==

-Robot Action (pg, R¢, gt)

« Model: HaMeRD

Sz 0¥

- Input: Single RGB Frame (I h,t)

- Output: 3D Hand Mesh Vertices (7;) & 21 Keypoints

- ICP Align (Refinement)
-Depth MapOi| A ==t

&K Point Cloud (P,) 0l HaMeR2| 0l & Mesh (1) 8

~Result: Scale AmbiguityZ} M| 7 El & 2 St Absolute 3D Hand Pose 25

RGBD

Extract action Inpaint hand Overlay virtual robot H

ﬂ 41 TH8E D

SOGANG UNIVERSITY
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Method

 Part 2: Human-Robot data Transfer
- Robot Z 2| If ¥/ K| Z=73: Hand ICP Align with Depth
-1CP 2’8 =l Hand Keypoints= Robot End-effector Action (p;, Ry, g.)2 = O &
- Action Mapping Logic
~Position (p,) Xl B (xthmb)1} HAX| E(x"2ex)9| T (Midpoint)

~Rotation (R;): &X|2t AX| 7| LI EZ0| 0| F= EH(Plane)2| &4 B E{(Normal
Vector)= O &5f Al 4t

- Gripper Width (g;): @X|2F AX| & At0|2| 2 E|E A 2[(Distance)

g ST .

SOGANG UNIVERSITY

VDS
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Method

» Part 2: Human-Robot data Transfer

- Visual Domain Transfer Pipeline
- Inpainting: SAM2DE AFEF = Segmentation £ E2FGVIDE X| A
-Rendering: Mujoco 2 &S O| 85 ==& Action (p;, R,) FIXI0f 7Het 22 Hd
AKX SEER O 2 7| 78 (Kinematic) 2 2 & Y3t Digital Twin AR
;': End-effector Action (pg, Ry) = & H 2 2 B0}, Inverse Kinematics AHE
vATEO & 2| X|0f| 2 £0| &3] /K|St 5= 7-DOF 22 4k
-Overlay: & X| 7+ 2F It 2} 0] B (Extrinsics)2F Depth S E S AFRS| 282

Data-edited “robot” demonstrations

Original UR5e Kinova Gen3

<Overlapping robots>

" SOGANG UNIVERSITY 27
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Method

* Part 3: Zero-shot Testing

= Inference-Time Overlay Strategy

- Problem: 2t& G| O|H 2F H| A E G| O] E{(Real Robot) ZH2| X} O]
-0 M|t M ZH/ & Z XHO| (Visual Domain Gap) &= i

- Solution: Test-Time Overlay

~Real Robot 7= A|O| £ ot5 [ =St 7fAk 2
;= 2t & Elj(Proprioception)E 2O} A A|ZH I

S| = A gd
Effect: S50t H|AE 283 A|IAR2 R 25| TX[AZ

o

- H & O| Domain Adaptation §10| Zero-shot Deployment 7}&

A d El Data pair = AFE5H0] Diffusion Policy (IT) SH&
Test

RGBD Overlay virtual robot
e =

R ATk Rollélﬁt Tt

SOGANG UNIVERSITY

X (Virtual Robot)S &4
=

F

2o J2=

VDS
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Experiments
» Setup & Baselines

= Metric

- 845 & 4 A3 T 2539 A A (Real-world Rollouts) = £ &&
= Tasks: 5 Diverse Tasks (Rigid, Deformable, Multi-object)

-Pick & Place Book

ot
A
o

A
T

Tie rope

- Stack Cups (Precision)
-Tie Rope (Deformable)
-Sweep Trash (Dynamic)

e~

Rotate box

- Rotate box

<5 Diverse Tasks >

P st andka VDS
A [vos]

SOGANG UNIVERSITY 29



Experiments

* Setup & Baselines
- Baselines (Data Editing Strategy):
-Hand Inpaint: At H XM H 2 7t 2EE2 &4
-Hand Mask: A2 22 A2M OfAF = J}HE
-Red Line (EgoMimic style): = X[f1 &t Moo=
- Vanilla: ¥ = Human Video L E ALE
- Key Results (In-distribution)

Editing methods

Raw Hand Inpaint Hand Mask Red line

Train

HA|

Pick/ Place  Stack Tie Rotate
Book Cups  Rope Box
Hand Inpaint 0.92 0.72 0.64 0.72
Test Hand Mask 0.92 0.52 0.60 0.76
Red Line 0.0 0.0 0.0 0.0
Vanilla 0.0 0.0 0.0 0.0
<Data Editing Strategy> <Results>

ﬂ B THED

SOGANG UNIVERSITY 30



Experiments

 Zero-shot Generalization to Novel Scenes
- Task: Sweep Trash (NAXFF 2 MAg|7] &7))
- Training Data: 950 Human Demos (CFoH H| 4 g
- 3 Levels of OOD Scenarios (Unseen during Training)
~Indoor Lounge: 2 H|O|H 0] Bl M=Z=2 7t+ HIX[2| ALY 2t2X]
~Indoor Lounge + New Surface: M 2 L} 2t M (Surface) P[0l A =&
~Outdoor Lawn: 279 5| |22 OF9| | 2tE, S5 0l v A

o,

Outdoor Lawn

<New Surface>

Indoor lounge
+ 00D surface

Hand Inpaint 0.72 0.84 0.64
Hand Mask 0.52 0.76 0.68

Outdoor lawn  Indoor lounge

<Zero-shot testing>

ﬂ 447 CH 8k

S0GANG UNIVERSITY <Test Data(Unseen during Training)> 3
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Experiments

 Analysis: Data Efficiency (Scalability vs Precision)
- 2X HO[E et Mo B E Hl W 24

-Trade-off: Scalability vs Precision

« Human Video

-Scalability (1):£2& 80| it 2 =& 7t
_I

~Precision ({):RGB-D 7|4t &= Z X

- Comparison Result:
- Small Data (50 demos): Robot Data(52%) > Human Data (44%) —» & & & X}O| =Y
~Scale-up (300 demos): Human Data (84%) =~ Robot Data 10071 (88%)

# of demos  Robot only  Human only
25 0.16 —
50 0.52 0.44
100 0.88 0.64
300 — 0.84

U szutta
S

SOGANG UNIVERSITY

<Data Efficiency = 44>

32
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