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HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous

Grasping
Jongbin Lim, Taeyun Ha, et al. | Seoul National University | arXiv:2604.14944 (2026)
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1) 1) O’Neill, Abby, et al. "Open X-Embodiment: Robotic Learning Datasets and RT-X Models." /CRA. 2024.

Background
« 7|= O|O|E{ Al 2| SFA|: Paired Human-Robot G| O] E{ 2| £ XH

Q12 & =M A EE(HOI) O 0| E{Al: DexYCB, ARCTIC, OakInk2, GigaHands &
3D XX HEFME2 ZEHSILF 25 embodiment2t2| CHS 2HA Q13

- 28 X2 0| All: Open X-Embodiment!), DROID, AgiBot World &
- R X MARE D2/ S, 24 6D =& S2t74, QIZt A[AH It IO @i&

- Paired =& A|=: RH20T, DexWild, H&R &
-CFS dexterous 2= &=0i| CHF T O] £ XY, markerless RGB, &2} M2 2=

- AAFE: QIZto| EX UL CHAS 2R &2 = OE A MO|L| =X H7E = U=

S
-“Paired + Multi-Embodiment + =< =X|” §|O|E{All O] & Tt

S
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Background

« A Z20F: Cross-Embodiment Transfer (Dexterous Grasping)
- A = H (Objective)
CIZE Ao IiX|(grasp) MBS HEN/I LHE ZX £2 2 O
- oA LHA|: Embodiment Gap

- &0t FE, 7| e A et ©F I HO| HEf Ehie 2 (kinematic retargeting) 2

oHA|
-HI0|H 27 Are: € X0 Chet QZHLHE 2 X &2 paired IHA| H|O|EH 28
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1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944. 2026.

Introduction

e Contribution

- X[ Z2 O] Paired Multi-Embodiment Dexterous Grasping G| O E{ Al
-Q1ZF & +4F 22 £(Allegro V4/V5 Plus, Inspire)0| & &t 10071 2 M| & L} X|
2K AR A 24M T2 Y - OFH Qi =(markerless) HE|F RGB 7| &t

O CF X
A8 EERE 4

-

-21 exocentric + 2 egocentric & 7|2t RGB, 3D & 2 H(MANO), =Xl 6D pose, == & El
_—-—7|'(tactlle) Alggl- J_|_|-X| A _|_/A|_|_|_H El.l:Hl X-”_I_

- 224 43 (Benchmarks)

- Human-to-Robot 7 O[: Contact Map Transfer, Cross-Embodiment Grasp Retrieval
—Perception: 72 0| 2ot 22 2 Z 0| M 3D & X ZX| 6D pose HIX|Of 2
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1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944. 2026.

Method
- S3Me EE 2
= Part 1: Constructing HRDexDB
-HE|RE WK A|A- Paired =8 Z2EZ, HE|ZH 2 El| =& (Reconstruction)
- Part 2: Human-to-Robot Transfer Applications
QI HE "AEHE 280 A HEHSH= Contact Map Transfer
S HAMS0A 22 DX & A2 SH= Latent-Space Grasp Retrieval
- Part 3: Perceptlon Benchmarks

7t2l 2HZ 0| A 2| 3D Hand Pose Estimation , Object 6D Pose Estimation

r@

R AW THEE D VDS

SOGANG UNIVERSITY 7 LAB



1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944.2026.

Method

e Part 1: Constructing HRDexDB - A A|AH Sl =X T2 EF
- WA A AEL: 2101 S 7|2 exocentric RGB 7| 2f + 2CH egocentric 2 H| 2|2
- oot &8 7t (occlusion) LS et 2 HE[R, QZHE AH2 < €8 A8

22 H 00| M: Xsens EMIHK] =E + MANUS 23 E

-Paired =T TZZ2EZ: QI7AIH . 5 EN XYM QOO 2 (|5

EX O]

Human Hand Grasping H n Hand Reconstruction Reconstructed Paired 3D Grasping Motion
= {Z. } 2

.
HalleR A~
g 2D Keypouts ‘ e §
F Triangulation <7 - .
s J- e RY3 i /‘ﬁ [
: | s 1 ' ‘__
CF Paase ;\ & >
i LI A
W
v
Ll = \ 4
I
T ‘ §
N /

BTN <Capture and Reconstruction Pipeline>
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1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944. 2026.

Method

e Part 1: Constructing HRDexDB - E E| 2 & 2'Eff = &(Reconstruction)
- Human Hand Reconstruction (MANO 7| &h)
At

T

-HaMeRZE 2 72| 2D 7| Z 21 E HAZE — 2215 (Triangulation) — MANO L2} 0] E
SRSl
-SAM3 OfA3 7|8 2O HE 2 T[XAE & e 278, A ZHE 22 2 & HA
= Object 6D Tracking

-AH|YH 2 0| A FoundationStereo2 Z10| &= + SAM3 &A| OtA3
-RGB-D + CAD 2 2! Z FoundationPose 6D = — A|ZtAH =Moo 2 A2 X|
-2 Ha|=Eo|H Ko HAIS ACY, MR SUK| HA%E =2 ZE i oA

Auh EUE YC AEAOM QA7LEE SHO| HBE 3D HH S

R A%l 3.',‘-‘1‘- VDS
S
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1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944.2026.

Experiments

 Part 2: Human-to-Robot Contact Map Transfer

-bK| G2l 27 S SRS EX 20 Re B gocoE Hel
- JEf,7[te Ko = Q7 B I EH o MY 2E2 XX 0| Ot
. H}HH
od
-8t QIZH FZ Y(Cn),IHE W(PY) + PointNet++ 2X| S8 - 22 S IIE ¥ oS
-0 =& % TS CEDex 22| 7|2 XX 2o| SN2 Aol ThX| &g

Input human grasp Transferred  Optimized robot grasp Human contact Transferred contact

contact C" part P*  contact ¢ pan f”

(a) Human-to-robot contact transfer (b) Real-world execution
ﬂ B TUSED | VDS |
SOGANG UNIVERSITY 10 L



1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944.2026.

Experiments

« Part 2: Contact Map Transfer - 21}
AE B
-Sim: Isaac Gym, 67H &1l = 2l 217} (1000 trials) / Real: =X E S0 102 FX| Al S
(60/30 trials)
- & 2ot CEDex Z[&2t7| AE - ™E 58 2~(Human vs Transferred)ZF 25 O]
- 21} Transferred-Contact’} A| 220|842 X| 25 5 & 2 (Allegro Real 63.3
5 80.0%)
-QIZhOiX| o] 7| &M o= FAISHEHM BE 225 2X JE0 XA XS

Inspire Sim 1 | Inspire Real 1 | Allegro Sim 1 | Allegro Real 1

Human-Contact

Transferred (Ours) 55.6 73.3 65.8 80.0

<Table 2. Grasp success rate (%)>

ﬂ B THSED VDS
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1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944.2026.

Experiments

 Part 2: Latent-Space Robot Grasp Retrieval
- OpA| el Iz IbX| FE| 2R H A Vhstt 2X OiX| 2 E AMSHE
o st sts
- 2H&H: CLIP-style multi-branch 444 & &
- OIZF 2= Inspire-F1,Allegro-V5 HE ZQIESEIR L QAM + 38 4 QAL
- Symmetric contrastive loss E If| O] & &l LtX[7} & A SZHO|M 7ML =& st&
q

-FE A FAE =22 TH ;T - Same-Object / Cross-Object F+ 2 E7|

Human Grasp Retnieved Robot Grasp Human Grasp Retrieved Robot Grasp Human Grasp Retrieved Robot Grasp Human Grasp Retrieved Robot Grasp

(Query) (Query) (Query) (Query)

b @‘/ ol ﬂg » @ 9 a m ‘4

(a) Same-Object Candidate Retrieval

Human Grasp Retneved Robot Grasp Human Grasp Retrieved Robot Grasp Human Grasp Retrieved Robot Grasp Human Grasp Retrieved Robot Grasp

(Query) (Query) (Query) (Query)

XINYX A REALER

(b) Cross-Object Candidate Retrieval

U szutta

@ SOGANG UNIVERSITY 12



1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944.2026.

Experiments

« Latent-Space Grasp Retrieval - 21}
- Retrieval @2t (3370 £ H2): F219| CiH| 2 A 42| — embodiment-aware £
Sk 310|
i B — R [
Lr2AEE 43 44 E DX 2 BODex & M2t 27|
episodes)

- Retrieval 27|27} Vanilla,Kinematic Retargeting CHH| 45 & 2F&F / Topl vs Tops -
precision—coverage trade-off

Init Meth Seed (I/A Episode (I/A
i

rot

Fot

| (7 unseen objects, 33

. Vanilla 3.4/16.2 69.7/84.9

Human — Inspire 36.4% 81.8%  100.0%
Kin. Retargeting 3.5/1.2 42.4/30.3

Human — Allegro 24.2% 63.6% 72.7%
Retrieval-top5 10.8/17.1 75.8/93.9

Inspire — Allegro 8.2% 57.6% 72.7%
Retrieval-top1 12.2/21.3 57.6/75.8

<Table 3. Retrieval accuracy / Table 4. BODex initialization success (%)>

ﬂ 447 CH 8k
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1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944.2026.

Experiments

 Part 3: Benchmarking 3D Hand Pose Estimation
A= 7HE A20M SOTA &= S/ 22 HIt (vs FreiHAND)
-CjEEo nEO|M 2kt S7HA>0) —» HRDexDB= O =X & QI #ilx| 0t
- HRDexDBE &% HIO|EH 0| 2} (2.7M samples) A| FreiHAND ‘H& & &4t

-5 50| Oftl & H M (complementary) BEE XSE=2 AlAG

FreiHAND
ot | v
WiLoR 5.94/6.09 5.71/5.27 Baseline (J/V) + Ours (J/V)

HaMeR 6.15/6.16 6.11/5.72 HaMeR 6.108/5.718 6.027 /5.679
Hamba 6.11/6.10 6.14/5.84 WiLoR 5711/5.273 5.677/5.260
MeshGraphormer 8.31/8.10 6.64/6.78

<Table 6. Finetuning w/ HRDexDB>
FrankMocap 10.61/12.48 9.52/11.64

<Table 5. PA-MPJPE / PA-MPVPE (mm)>
ﬂ AT THSED VDS
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1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dexterous Grasping." arXiv preprint arXiv:2604.14944.2026.

Experiments

* Part 3: Benchmarking Object 6D Pose Estimation

- Q17H 22 OhX| | (0| Al RGB 7|8t 6D pose =73 E 7} (FoundPose, GigaPose,
PicoPose + MegaPose)
-BE WO 2X OX|0|M d& Mot - =X @A HAEHO| X A/ EN 2=

o dt
T =

- MegaPose refiner& HRDexDB robot-grasp H|O|H £ O/ M| =7
~Held-out 2 (OmniRobotHome)%| A| ADD-S 10.2% 7§

Method Human Robot
(ADD/ARMSSD) | (ADD/ARMSSD)
FoundPose 6.91/44.1 8.74/33.3 ADD (cm) | ADD'f (cm)

FoundPose +

MegaPose SRR (UL 4407641 NG el 8.23 4.40
GigaPose 13.10/19.7 13.80/17.3 Fine-tuned 7.90 3.95
PicoPose 6.31/48.4 8.39/38.8

Table 7. ADD (cm) | / ARMSSD (%
P ssosa fom e |VDS|
15 LAB

SOGANG UNIVERSITY



1) Lim, Jongbin, et al. "HRDexDB: A Paired Human-Robot Dataset for Cross-Embodiment Dext;

s Grasping." arXiv preprint arXiv:2604.14944.2026.

Conclusion
e Conclusion & Limitations

ZE

- |29 paired 1722 dexterous =2 | O|EH Ml - Ct& embodiment, 10071 24, 2.1K
B2, 3D 26D 2H A U tactile AZ F|Z

Contact map transfer, grasp retrieval, 3D hand pose, object 6D pose

_85 7g):

— .

S EER-S-PE R

=
= o -Ho

00071 =X %! S &St functional manipulation Ef AT E =

- [ imitations

- Tactile Heterogeneity: 2t M@= 28 =02t ZXSt0 MM ARO[ Z31 =00} St
sg 40| 0=

- Trajectory Correspondence: 2|0| =Z2| |t X5 - M= C}2 & SEf 7¢
JlsHMezE Tt 2Mo| Fol=

= {8 35| open problem

R S4BT 8D
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A

DynScene: Scalable Generation of Dynamic Robotic Manipulation Scenes for

Embodied AI
CVPR 2025 | Sangmin Lee, Sungyong Park, Heewon Kim (Soongsil University)

AW THdkn VDS

SOGANG UNIVERSITY 17

-
=
m



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

« 7| = HAE V[HE OO E-d2| ot

- Action Generation: 2t 4 1t°| A Xt &
x

o2
L E RO SNOoR W 2

bottle, and Franka robot”

{ “The room has a sofa, table, red } [ “Pick up the bottle” ’

Inadequate object position for task execution Limited data diversity for interaction Successful interaction and diverse data

<Fig 1. Types of text-guided data generation>

ﬂ B THED
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Background

.o B

= OF: Dynamic Scene Generation
- A = H (Objective)
_E

AE X|A|O] S

L2 A ZH(Static Scene)dt 252 WS (Action)= S A
Dynamic Scene = Static Scene(Z 7| B X|) + Action Sequence(& & HI&)
i =
-22|NOR YD CHY S 4SS GOIES R XIS 44 - 25 27 82
off &
DynScene [CVPR 2025]: ‘@& ZHI A5 S 74 H-dot= =0 =R
o T
NEEN C g | s \
SH1  maposmerrocn At+1 i;_ et
[p°,p" ‘] _____________ i
— q(h) h mhd)&"il‘ F‘ . \.\—1\\\ ¥, \\ E‘
T LT T 7 Y
iil’k’égﬁiz-[é""t?k“ H 1l l l "
ﬂ B TUdED
SOGANG UNIVERSITY

EN )
20cm 300 M 3
rrrrrrrrrrrrrrrr Residual Learning
<DynScene: HIAE X|A[0] 7|

Dynamic Scene
H £

—

&g Mol Zef
19
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1) Lee, Sangmin, Sungyong Park, and Heewon Kim. "DynScene: Scalable Generation of Dynamic Robotic Manipulation Scenes for Embodied AL" CVPR 2025.

Introduction

e Contribution

- Dynamic Scene &8} M =2
PSSR

_HAE KAO|2EE Y YR 28

ot
Ofn
o
)
o)
=
5

=

N
U
ORI
Ofn
0=
0x

- Residual Action £
-5 S End-effectorl| H32H(Ap, AR =2 #Y — YHO| S A, Chefet HiX[of Yz}
LS8 EfTrY B 7|
- Layout Sampling(&5= 8= Hl x| 41&#) + Quaternion Quantization(=ZX| XA 2=
72 45
= OfH| 48 £ 26.8x, 5 & 1.84x, S CrAd +28%
=) 00| ®

O] HE HEZE E|CH +19.4% 24 (ARNOLD benchmark)

ﬂ AW THEE D VDS
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Method
« MA| mpo|=2fQl. Z4ttAH = 77

- (D Static Scene Generation & Refinement: Bl A E
MM S XA
O O T O

- @ Action Generation: ‘&& %

o=z
b 4O H

- 3 Action Augmentation: Residual o4
- @ Verification: Isaac Sim =2| & &

Static Scene Generation

Denoising Step x (T-1)

U-Net

o

s ¢
NEEN LT
s t—l_ 1 “Pickup object 10cm” a t+ 1

[ pobj I pha.s!]

E gravi
=

s x7Hoz Hs

Action Generation

Z A Diffusion(U-Net) 2 2 & H

NEESPYPE
siLto| ZBI0A Chol HE 52
3t 00| M E 3150 AR

Verification

Denoising Step x (T-1)

Agent Training

U-Net

_\

1 1
1 1
1 1
1 1
1 1
. J !
4 ity gravity A~ ’
: b (R
pe]s Bl AT ER
4 : g G
Mismatched eq.(6) Bestmatched ; £ | —): LG
Room-Layout Room-Layout :/: Y / =} 4 E"",L‘] L _,__) .
AR SO z y 2 oy ;_,H (¥ P "
I [ i Unstable Stable - = [Ec‘%;,
i 1 Orientation Orientation L g “-;"‘ W
S 2 | i Gobi Gobi n v
Room-Layouts q q | — 10em 20cm 30cm 3\ —
Layout Sampling Quaternion Quantization Static Scene Dynamic Scene

Static Scene Refinement

R 447 CH 8k

SOGANG UNIVERSITY 21

<Fig 2. DynScene framework overview>
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Method

« G| O|E{ E?4: Dynamic Scene = (Static Scene s, Action a)
- Static Scene - AL =& H o

-=X(0): | Xl, X}M|(quaternion), 222, 27|, @4 I E(point cloud embedding),
E7|1=5 AE,

-2 2(r): H| 0|, end-effector X2} AHA|, D 2|IH &Elf / & 2{|0|0tZ(2)
- Action - 2t X}(Residual) ZHHE H
—ax = [Apx, Aqw, gi]: O1 T A H CiH| end-effector H2AH 2 2 K AH HEH

-H0 HX[t FE - Y EfATH O HHY = X & 7hs (Action Augmentation 2]
712h

<Fig 6. @4 ZE 58 =X point cloud> VDS

A B
S
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Method

« (D Static Scene 24 & HA|

- Conditional Diffusion: E|AE X|A|O|& X2 E U-Net 7|8t 0|2 K AHZE HA
XFOH AH A
O L- OO

- Layout Sampling: 2 2=l HiX| - 2228 5=, 82 =71 &2

b

-Ol=E =4, 2X /XL 7HE ZHIk2 8|00tk & 1|0|E1“'01|A1 HEHSHO] CHA

- Quaternion Quantization: O M|t AtM| 2K} — S E0f| Q|5 EM|7F 7[Z ALt
MEH

~0|Z RN E 17 7t 52 Y X3kround) — QHYE X 7| HYX| &2 5=100|M M2 E
x| 10(69.5%)

70

[ Highest Success Rate: 69.5% |

Average Success Rate (%)

55—

0 T2 5 70 75
(a) Improper room layout causing inaccessibility or collision mproper object orientation leading to instability Quaternion Interval (§)
: HXHX™AS =] 1 0=
R A C“&,“ <Fig 3. F 8 Hot ZH 42| 2> <Fig 10. 62 45 &> VDS

SOGANG UNIVERSITY 23 LAB



Method

e Part 3: Action ‘8 & Augmentation

O O
- Static Scene & 71 Diffusion
~MHE HE HHE ZUCE KEHA M A EAE 5L diffusion TEE 7S

- Action Augmentation: Residual 24 2| 21}
-4 0| I ZE = AN StLte| A FHEHO| o Hd A Vts
S FH 1070 x 444 1071 = 100702 Lot ot5 HO|HE S
-CtE HEO| M hoot = Hetsl e 3o 8lE S8 SEi(20cm, 30cm &)=

- 2= ef = o™ ik

AH A =

38 7ts
1 1 1 ]
: Goal state: 25% : : E
: ‘ U i
1 1 1 1
1 I ] 1
1 1 1 ]
1 I 1 ]
1 I 1 I
i i il i il i . i i Bl I 1 1

Foyd] 5!,‘.3.‘ <Fig 9. Action augmentation (close drawer)> VD S

' SOGANG UNIVERSITY 24



Method

* Part4: 45 A O O|HE ot
Filtering Invalid Dynamic Scenes

- MM E| AHS [gaac SimO]| A

A%, B3O8

Phase-Aware Agent Training (PerAct-PSA)

- Grasping / Manipulation THA| & B HEQI=ZE &
g £3

stxo 2 EXMst XX Ef AT O MU

R B THED

<Fig 7. AlE20|d 25
SOGANGUNIVERSITY

d HAS0AM 22X = =0 Atdl>
25

VDS
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Experiments

* Setup

- Dataset: ARNOLD Benchmark
-10] XA Z|8H 870 =2 B A3, A B X ™0 “ME = 75% E0{2b)
-3,571 train / 773 test =

= Metrics
-H = LA Fréchet Distance(FD), Dynamic Time Warping(DTW), Spatial Coverage(SC)
-dEE(SR): Ef23F 10071 &8 §HO| LSt Bt H=

- Training
-DynScene: E§23E} 100,000 epochs, Adam(Ir 2e-4), RTX 4090

-0|0| M E S50 = Isaac Sim 5= S4tot Y HT ALE

oL

ﬂ B THSED VDS
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Experiments
e MM BEM. 07 HE T}

>I>I-EI

7| Edd EETH| W
C

F

vs 217 M E7HARNOLD): HHE 2,527 vs 67.5% — 26.8x HIE ME H5E

69.5% vs 37.5% (1.84x)
- vs DiffuScene("d & ZH M E3t D H): 10x HE HH(2.955 vs 30.245), IS &=
3.5% (69.5% vs 20.0%)

SN BT QR NS EAL WAl

0

>~

Ot

HA — &S 4 /d(joint generation)2| 211

Dynamic Scene ‘Hd S & (%)

®m DynScene (Ours) = ARNOLD (Human) ® DiffuScene
80 695
60
40 -

37.5

20

DynScene (Ours) ARNOLD DiffuScene
(Human)

R AW THEE D VDS
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Experiments

« Action Diversity: 2f& O|O|H & O O CFY
87 EjAT WA B E CHFA X|HO|A ARNOLD
-FD 30.32 vs 28.39, DTW 55.25 vs 47.58, SC 3.62 vs

- Pour Water Ef23 &4

~Ax, Az 2E = ARNOLDELH &4

~Ay mEE=

A -== HEH

-
o

& coordinate of Ap®
g o

-
&)}

DynScene Mean + Std )
Arnold Mean + Std

ﬂ 447 CH 8k

SOGANG UNIVERSITY

2 3 4 5
Action Step

St S = AH A
L OO OO
—t A —e
oh& H[O|H &2
o
2.83 (24 28% =2 CYH)
S (@] =
I8 - SUH OAE St
IT 5L AKX = o O
oot +5 UL 5 EjA3 A2 FX
40 20
:Q 30 :r:h 15
<1 <1 40
w— 20 Gy
o o 5
2 10 g
g g 0
20 =
) S -5
3-10 3
> [—o— DynScene Mean + Std ™ -10 [—-— DynScene Mean + Std
-20 —*— Arnold Mean + Std 15 —*— Arnold Mean + Std
0 1 2 3 4 5 0 1 2 3 4 5

Action Step Action Step

<Fig 4. Pour Water Ef2 39| =4

VDS
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Experiments

» Text-Conditioned Scene Generation
-SE ZETEM SN FEL, 27| oEl, S HiX[7F CrE Crefol & H dd
K BE MBS HED|
-“10cm =0 =2{2F — 9.99cm, “180° 7| = O 2 — 179.94°, “80% F O 2 — 80.09%
-Eh EfA3 HO[=0f el ds& WA EXEHH| R 25% B 7] 40%)

i

e
@5

(a) “dump fifty percent of the water from the glas: -five percent closed” (c) “angle the bottle 45 degrees away from the high axis

R 447 CH 8k
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Experiments

« Agent ‘3S: DynScene H|O|E F71 2t&5 A
- ARNOLD test set H+

Of

0%

o

I.

[=13
ol

SO K Jjm

rx r

»

R 447 CH 8k

SOGANG UNIVERSITY

Al 8
SR Eja3) Gt
Reorient(3.9—20.0%), Open Cabinet(11.6—16.7%) S O{2{2 E{AA M 2
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