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Real-World Validation

The digital twin accurately predicts real-world behavior.
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Importance
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https://github.com/isaac-sim/OmnilsaacGymEnvs/blob/main/docs/examples/rl_examples.md
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Importance
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Importance (World Model)

World model (or digital twin)
- = 2 F0f| et O|SHE Sdll robot2| actionO] &AM O[X[= &2 o|F &
- simulation-based planningO|L} at&0f| AFESI A3

- 2L} occlusiond} depth noise THE0| R mm &2 QX U0 FE|HMO=E=
=7tstt 1802 2FE
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Problem (Huang, RSS 2026)

Single-view RGBD image
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Problem

- Foundation 3D vision model (SAM 3D)
- 7Y object T2 2 pose?t shape2 FHsHAM MNHCZ= S2|HOZ HO| otF|= ZYOE =H
[5tMo 2= SHX[TF FE|Ho == 20| etE|= FH(occlusionO|Lt depth noise i)

SAM3D: physically implausible.
Red boxes: penetrations
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Previous Methods

Gradient 7|t physics loss (PhysPose )

- Physics guided loss (non-penetration, stable contact)= penalty= 211
gradient descent
L =Ldata t Mrlpen + ALy + - -

- objective?l =[] EE[HOE JZFX et 7|5tH 2= SEl local minimaoi| b

Differentiable simulator 7|8t (PhyRecon &)
- AZE[0|E S| RETE X2t £=X| 0| = IfE0] brittle

H|oh HHH2
- physicsE O|26tX| 210 constraintZ At
)

- Jtstt BRE MEZSI physicsE TFESHK| o= B2 rejectiondt= B4



RAISE LAB @7}HCH

Overview
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Scene Graph Inf H( e
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. | from Masked Depth to-Fine Sampling
N
Segmeniation A 4 ( Physics Constraints R
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_ : Object-environment non-penetration — :
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DAGE H &I
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Physically Plausible
Multi-Object Scene
Reconstruction

Segmentation

4 VLM-based Contact\
Scene Graph Inference

4

\
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|

o

Directed Acyclic Graph

\
Approximate as

(
Initialize T and s SIM(3) Coarse-
from Masked Depth to-Fine Sampling
4

Physics Constraints
Inter-object non-penetration
Object-environment non-penetration

4

Object-free-space non-penetration

\_ Contact / no-floating Y,

- gradient descent Cli&l coarse-to-fine rejection sampling2 = SIM(3)0i[A] EfAH
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Problem Formulation

N7 SH7l A= tl ZF SA| ioll CHoll poseE F=H
- 22 RGB 0|0|X| 1, depth map D, 2HI'H mask M;

- Pose (+scale): T; = (sy Ry t;) € SIM(3), ZtHIEt =&f|Q 7| Z.

SAM3D &2 monocular estimator?| shapeO| scale ambiguityE 47| 20| SE(3)7} otL|2t
SIM(3)

- Shape: S;, SAM3DS| F=HX[Z OZ ALE(1H)

Maximum Likelihood Estimation

argmax p({T;, Si}¥, | I, D, {M;}Y))
{T;,S: }N ,eF

- F= S2[H2=E EtE?t pose/shapel| Hgt
- E2|7} prior7} olL|2} feasible set2 2 EXHZICH= A| 7|Z 4Dt CHE

13



Maximum Likelihood Estimation

- LikelihoodZ chain ruleZ pose2t shapelL 2 &2
p({T;, Sitity | I, D, {M;}iL,) =

p({Ti}ily [{Si}ity, I, D, {M;}iZ,) x
Pose p({Sikity | I, D {Mi}i,)

shape

Shape st2 [ O|AF MIWSHX| QET1 pre-trained modelQ| =HX|E
Tt XHO0|™H dlie shapeQZ 1M (SAM 3D)
k7 2™ uniform discrete distribution2 £ #|& (CRISP)
%, Picasso= shape2 ¢t 11X|11 poseTt 11X|= corrector
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TICHE ALE
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Maximum Likelihood Estimation

- Pose?2 7HE object T E E2
Zt object?| pose?} CHE object?| shapedt masket S&!0[7| M E

_____________________________________________ ({T} =1 ’ {S }7, 1=I7D7{Mi}£‘,\;1) —

)P T,|S;,1,D, M,
ERNT(CTR A TAR [ |
shape

Zt object?| pose likelihood= =& & O|X|2H M| object estimation0| SEXMO=

2
2SI A2 of

X2k FE Edll Zt object= coupleZ|0] /IS

Likelihood A|4t2 object B2 22| 7Hs3FXI2t constraint?t 0|2 T3

15
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Maximum Likelihood Estimation

7HE objectl| posed| EHet likelihood= point cloud registration2t Z=

A; = {al]}E mask MLO|_|'9| de th 3D I-I'=O|E|_ 5l likelihood= Gaussian} Zt2
exponentlalfamlly LO|X 7}7!4 stol| Creap 22

p({T} | {8, }?, v L DAMYL) =

________________________ Ma,
H.p(T | S;,I,D M) === (T} | S;, I, D, M;) o exp ( Y d(siRia; +tz,Sz))

i=1 =1

d()= object frame2 2 H2tot 2f H g, ;1 object shape At0[2] A2

16
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Maximum Likelihood Estimation

- O|H| negative log-likelihoodE #|5}'™H MLE= 2| £[A27t &1
-/ shape EHO[A ME2SH H &g B, = {b; 10l L point-to-point distance?t &

N or Chamfer distance

argmax | [p({Ti}L, [ {8}, I, D {Mi} L)
{TiHL, eF =1

N
= argmin—log [ [ p({T}X, | {8120 1D, {M}X,)
=] |

{Ta;};N:lEF
N Muy, .
— arg min Z Z d(Siniai,j —+ ti, Sz) . d(Squjaijj + t@', S@) — d(S@'Riai’j -+ t?h Bz)
{T.HL,eF 33 =1 _ Zj‘i’i min  ||s;Riai; +t; — byl

1<k<Mpg,

- A=, pose likelihood Z|C{2} = SIM(3) point cloud registration

A AU ME Geman-McClure robust loss pgy (d) = d?/(d? + 62), 5 = 0.05mE X ¢
segmentation/depth 0| =0 Z71%}

17
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Constraints
argmax__p({T;, S;}¥, | I, D, {M;}Y))

{79 )5 EL}j

©) ole=2

- Static scenell 2 S M7} HH 2|of JAS= 7t
st WHE point cloud measurementOf| Al 3-point RANSACRE =3

- -

- Physical constraintE ¢lsll EH|/2tE3/XAIR=7tS SDF= B¢
- SDF: surface2t MAt0|Q| H2|E LtEILH= et XY A
2|7t 0L} 3™ surface B, 0 2Lt 21O ™ surface ot Y i 10
. ®;: SAM3DOJIA ¥ 2t EX| SDF -
- ®,,,: RANSACO| A &2 2t (table or ground)2| SDF ALY
om7jo SJ-/M

®free: 3D point cloud measurementOflA 22 Xte37te| SDF

Doyt Ppreei= 3D point cloudOli FOE 2 FiH[2tet Z2 ZHBEASE 3R



Inter-Object Non-Penetration

- =X j8l 2= EHHO| =H| i2| SDF g0l A0{oF &

O(T;,-T; ' -b) >0, Vi#£j, Vb e B;

=M io| A2 Bt =X ol #EE b

RAISE LAB @7}HCH
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Object-Environment Non-Penetration
. 2x ;o] BE EHFO| 22 SDF oi| Qlofof g

Coro(T; ' - b) >0, Vi, Vb€ B,

=X il EHAE bE 7t 2t ZtE A (environment ZHEA|) 2 Het

/

RAISE LAB @7}HCH
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Object-Free-Space Non-Penetration

- FIH|Et rayS et depth 20(7HX|2] SZH2 B|O QT 2=El A0|2E2, =H|7t

00k &

Gpeo(T; ' -b) >0, Vi, Vb € B

=Aie] #HE bE 7t 2f ZE A (free space Xt EA) = HEt

/

=2| &0 oLzt
isibility |2

(a) (b)

21
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Contact (No Floating Objects)

Zt M= 2t g £|A SHLe| 0|21t tolerance §O|LHE H &6t Q1010

L

-Tr
o}
ol

Vi, 35 € [N]\{i}, 3be€ B; st. |;(T; - b)| <6

2= =40 Cisto o2 j7F =X St=C O%@LEI surface & b & 0|2 j2t 60|LHS| HE|0f A= O

- EO| EXT 251K &/RHE #H(FH Y d)2 KoK ¢S

22
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Physics-Constrained Pose Estimator Problem

- X|Z27HX| CHE LS ME XX
Ma i

N
arg min Z d(SiRZ‘CLi’j + ti, Bz)
(T} eSIM(3)N 5]

-

j=1

@Z(TZ T, of )>O‘v’7,7éj, Vb e B;,
Pero(T; ' - b) >0,Vi, Vb € B,
Ppeeo(T; ' -b) > 0,Vi, Vb € B,

min mm’fb T - b)‘ <9,Vi.
€[N]\{i} beEB;

S.L.

- SIM(S)NIP (7N XH) £12] highly nonconvex &H|2tA £[X2t7} 2l &: Sampling

23
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Rejection Sampling

- 7S¢t configuration spacediA object poseE sampling &
- ol sampleO| physical constraintE 2|BHSHH reject
inter-object, object-environment, and contact constraints= libigl 2l0[E2{2| ALE
libigl : A simple C++ geometry processing library

object-free-space constraint
objectE depth map2 & renderingdt1l depth map observation2} H|

O
1=

HMo= M

- ConstraintE 2tEst= sample & 7HE cost 20| 2 A2 %
- &Xl= sampling 8iOF & configuration space?| dimension0| {2 =Ct= A

MM scene= graphZ 2 Aot 7N XH 2HIE N7Kie| 7XI2 EX 2 ZIA S}

24
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Contact Scene Graph

§G=(G,0), G=WV,E), V={vyvq,.., 05}

- CSG= 1H™HQl gHHO = ZHH|H contact EX FFE graphz H
v 2EHIOIZ S), vy, ..., vy2 =M, Z4 =E9| I2HO|H 6, = (T, S,)= o=
e
BAlL, & ®2H 20 p, = p, 2! EO| EXfo}H &

-
(@}
oQ
D
—
£
NS
\—/
m
by
rr
MO
u
1
igal
bt
= o

CSG
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Contact Scene Graph
§G=(G,0), G=WV,E), V={vyvq,.., 05}

- CSG FE2 VLM(Gemini)0ll RGB + depth + maskE =1 20{&

- Prompt: mask QIHIA 2 adjacency listE 2+, "H|O|=0] root", "¢t EH|7F 02| EX|0i| X| X2
2 QU3 cycle 7H5"S HA|

Given the masks of objects, RGB image (second to
the last) and depth map (last), give me contact
dependency graph (adjacency list). Use the
indices of the masks instead of text to represent

the objects. Table is the root node. Note that an
O object may be supported by more than one object
m and there can be cycles in the graph.

Fig. 8: VLM prompt for contact scene graph generation.
26
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Directed Acyclic Graph (DAG)

- CSG edge0] HeFdo| 8l cycles #8E = U3
. AT oEHMO| °'01 globaldt EHO[X| 2t 0|2{Tt graphO|A] inferenceE +25t
A2 AlLtEFo| B0l E'R
. CHAL BHA == 2 root2 £1 ZF edgeE node EfMi(breadth-first search) &A1
HISFO 2 orient
. AT o|E HEHE AA EIIID*topological =N 2 ot FHM estimation £& 75

- Global |3} CHAl localest|mat|on°| HE3 MEH

|ru
rIr

27



Directed Acyclic Graph (DAG)

=

P()E LE o B3 Fgto|at ot 7|Z 2
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A7t N7HL| subproblemO]| &

- Hil= A2 HMete] HeVE 2= A vi # M 228 e PHE 2.

N Ma,;
arg min g d(siR;a; ; + t;, B;)
(T esme | ==

st. ®(T;-T;'-b) >0,Vi#j, Vbe B,
(I)env(tl;_l ’ b) > O,Vi, Vb e B?lu
OprooT; ' - b) > 0,Vi, Vb € B,

min  min }(i)j(Ti_l - b)| < 4,V
JeINI\{i} beEB;

- X220 rootd| CHSHA 2X|E =1 1 Ct20| children nodeo]| CH3l EXE =

‘ st

Ma,;

min d siRiai i 3 ti, Bz
T, €SIM(3) ; ( =2 )

O(T;-T; ' -b) >0,Vi+#j, Vbe Bj,
Peny(T; ' - 1) > 0,Vi, Vb € B,
Ppee(T; " - b) > 0,Vi, Vb € B,

min  min |§>j(T;_1 -b)| <6,V
JEP()\{i} beDB;

j € P(1),

Al
al

28
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Coarse-to-Fine Rejection Sampling

Initialization

- 22 J|Z H|ERA(SAM3D, CRISP)2| pose/shape =™K

. Picasso= O] ZHK|0|A £7|ZtS LD x7|3t FHOR sampling HSIS SHA1st0]
pose(+scale)E EX

- Translation: mask Ll depth point cloud®| -+ (5% outlier thresholding <)

- Scale: masked depth?| B+ #0[2t HER3 =H pose/shapes HEHE ot
depthe| W+ 210]Q| H|E

- Rotation: initial 2t0] 10| 2& 82| &5 sampling &

29
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Coarse-to-Fine Rejection Sampling

Sampling strategy

- TXHE S o HOll samplingdtX| 11 scales HIZ X2 &
Zt scale 7HED0}Ct SE(3) registration subroutine2 =2|= &8 (nested) #Z

- Scale (level 1-3)
[0.5,1.1] ZHAIA level® K = 57 uniform ME, 0|F best & FHOZ refinement

- Translation (level 1-4)
01|§| STaPeQE =HM|E unit scale Mt2lot ZEAO[M =H: SH| 37|F FE5HA 22 gridE
MI| 2
Level 12 [-0.5,0.5]3 (unit scale H =} "HI)OHH 203=80007H uniform grid
level 2-4= best £H 5 samples/dim, Zt4 t; € {0.05,0.01,0.005}m

30
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Coarse-to-Fine Rejection Sampling

Sampling strategy

- TXHE S o HOll samplingdtX| 11 scales HIZ X2 &
- Z} scale 7H40OLC} SE(3) registration subroutine2 =2|= &8 (nested) #Z

- Rotation (level 1-4)

- Level 12 SO(3) ™A &Zt0l A 102471 uniform sampling: local minima &#=2 &' (global
exploration)

- Level 22 B = seed 2| R,,.4 2| tangent spaced A local perturbation

Rlocal = Rseed " exp(w), w € R3, w; € [—Omax> Omax]

Level Type ! _— Citep # rotations per seed
1 Global - - 1024
2 Tangent Space 30° 6° 313
3 Tangent Space 6° 27 123
4 Tangent Space 3° 2° 19

31
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Coarse-to-Fine Rejection Sampling

- Pseudo code

for scale_level in 1..3:
scales = 57 M= # level 1: [0.5, 1.1] uniform
# level 2-3: O|#&l best =H refinement

for s in scales:
# SE(3): 4 levels (inner subroutine, scale s 1 4)
L1: 1024 rotations x 8000 translations - top seeds
L2: seed™ 515 rotations (#30°, 6°) x translation (%0.05 m)
L3: seed™ 123 rotations (#6°, 2°) x translation (%0.01 m)
L4: seedE 19 rotations (#3°, 2°) x translation (+0.005 m)

loss(s) = O| subroutineO| &2 Z|A robust Chamfer distance
best scale = argmin loss(s) # C}= scale level?Q| =4l

- A AA] GPU parallelization AFHZ (NVIDIA RTX 4090)

32
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Coarse-to-Fine Rejection Sampling

Physics Constraint 882 sampling loop2| 7I'¢ 2

- E= sample0]| CHel Chamfer loss & & &9l 1671 = £01| CHSH A 2 physics
constraint ZA}

Inter-object / environment / contact — libigl signed distance query
Free-space — voxel depth renderer2 & = 2% depth2t H|w

- Constraint /gt
- 167l M 2|85t
fallbackO| &=

reject, 81kt A F %A lossE 7HX|= samples MEH
1 H

HE=
best-scoring poseE ' P2t (soft fallback)
H =82 2822 invalid

_Oi 2 ot

5, Picasso= constrained | & 2tE F+= A Ot
unconstrained &M/ 2| top-16 & feasible?t 74 2= A

33



(Proposed) Physics Metric

Scene Plausibility Score (SPS)
- FH™El pose/shapel Z digital twin2 2+S0{ PyBulletd] XL E

RAISE LAB @7}HCH

- T=20 A8 (timestep 1/240 s) Tl = 2t EX|2| 2SHUXIE M

- mass = 1kg, inertia = identity2 4%

1 .1
Seps = S MV v+§,w J,w, m=1Kkg]J=I;

- OjH R =2| fIfto|= £BHCZE 20X =2 =&t/ IE

- HEEFEH2 HHo|E 2 reconstructlonOI 2 E[RUCHH AZ2| 0] Mol M = FX[3H RU0{0F e

- PenetrationO| A} O™ solver’l EM[E ZOLHH KE71 d7|10, SX|7t M YLOM LHoIoHH K7t

7|10, =Y SHH *CHIIEH SO

34
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Evaluation Metrics (7|&)

NPS (Non-Penetration Score): 7| & A0 A 7} 2 metricg &
=A| o] F=H Ji A Hetof Ciol 7t& 42 & & 40| p(irj)E SDFE A L5t B = H

ADD-S
GTREO| Zt Mo =X pulo| JHAL 7t MHK|o| W Az

-1 O

ADD-S (AUC)
» T HHZE2 outlierdl|l XIHHE|2 2, threshold 7& S20|H 3 & SME 12|10 O of2f HES H

— H

OC (observable correctness)
GT 80|, =X Z 17} Z=El point cloudE 0| = &2 K| QtO| M A HSI=X| HAISH £ H| -8 (%)

35



Experiments: CRISP with Picasso

SRS A

- CRISP-Real: &X| H|O|E(YCB-V dataset) =
- CRISP-Syn: 7t4 H|0|E{(4,200 ZHo 2 st&

- BlenderProz MAst 7|& HS2| G|O|E

TABLE I: Evaluation results on the ADD-S (m) and ADD-S TABLE II: Evaluation results on the SPS, NPS (mm), observ-

(AUC) metrics for the YCB-V dataset. Best, Second-best .

ADD-S | ADD-S (AUC) 1
Method Mean  Median lem 2cm 3 cm
CosyPose [31] 0.010 0.007 0.30 056  0.68
BundleSDF [51] 0.014 0.012 0.14 0.37 0.55
GDRNet++ [34] 0.013 0.011 0.22 0.43 0.58
CRISP-Real [46] 0.009 0.004 0.44 0.58 0.75
CRISP-Syn [46] 0.015 0.010 0.21 0.41 0.55
CRISP-Syn+GD 0.015 0.011 0.21 0.41 0.55
CRISP-Syn+GICP 0.012 0.003 0.44 0.58 0.67
CRISP-Syn+Picasso 0.008 0.003 0.52 0.69 0.77
CRISP-Real+Picasso = 0.008 0.003 0.53 0.70 0.78
- 2l CRISP-SynO| & H=|=X|0f Ciet 24

ot
ol

Ea
=]

RAISE LAB @7}HCH

able correctness, and runtime on the YCB-V dataset. Best ,

Second-best .

Method SPS|, NPS| OCT runtime (s) |
CRISP-Real 9.05 4.57 36% /
CRISP-Syn 9.36 6.38 15% /
CRISP-Syn+GICP 9.56 4.70 42% 0.03
CRISP-Syn+Picasso el 3.99 55% 0.35
CRISP-Real+Picasso 8.77 3.95 55% 0.33

36
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Experiments: SAM3D with Picasso

TABLE III: Comparison of methods across 12 YCB-Video
trajectories. ADD-S (mm), SPS (physics loss), NPS (mm).
S: SAM3D. S+P-w/o PC: SAM3D+Picasso w/o physics con-
straints. S+P: SAM3D+Picasso. Best .

ADD-S | SPS | NPS |
Trajectory | S[9] w?;‘;{ﬁ S+P | SI9] \:‘:FI;C S+ | s[9] w?:];’C S+P
traj_48 1697 V898" 906 | 1532 538 [SH6Y 1013 282 1296
traj_49 2053 2674 26399 421 232 204 | 794 503 472
traj_50 1770 1991 2048 | 160 | 086 114 | 565 38 353
traj_51 1325 paaEcmm 7%+ | 851 ISR dol | 71 237 NS
traj_52 1778 | 628 676 | 616 0.2 0420 1653 320 | 291
traj_53 1607 | 517 546 | 650 004 | 004 | 1151 323 298
traj_54 2204 1022 I049°| 1077 4530 460 | 1070 251 247
traj_55 68.73 NOSINN 1023 | 360 063 063 1111 216 195
traj_56 1674 | 921 945 | 442 148  L19 | 901 277 267
wraj_57 1948 = 688 695 | 208 048 039 | 512 194 169
traj_58 1306 | 711 731 | 343 318 273 | 1027 416 386
traj_59 1381 &1l 646 | 354 103 | 102 | 626 196 184
Overall | 2168 1029 1056 | 584 191 185 929 300 [279

- Svs S+P-w/o PC: Physical constraint?t gl= 220 < 7|5t 4s(ADD-S)zt
Physical constraint(SPS, NPS)7| Z0}%!
- Sampling strategy?| 17} 01 3Ct= A2 L4
Physics constraintE M&05t™ SPS, NPS&= £
- 7|5teF 22| Ato|Q] tradeoffE 22l 75

ol
OFX|X|2k ADD-S+&= ¢t ZO0t%

37



Picasso Dataset

The Picasso dataset contains 10 real-world contact-rich scenes
ground truth annotations
a metric to quantify physical plausibility

RAISE LAB @7}HCH

38



RAISE LAB @7}HCH

N,

Experiments: Picasso Dataset "
‘e

TABLE IV: Comparison of methods across 10 Picasso se-
quences. ADD-S (mm), SPS (physics loss), NPS (mm).
SAM3D: SAM3D with RGB input, SAM3D-PM: SAM3D
with both RGB and pointmap input. Best, Second-best .

ADD-S (mm) | ADD-S (AUC) T
i Mean  Median 1 cm 2 cm 3 cm SES: NS
SAM3D-PM 11.45 6.49 33,59  56.17 68.35 8.91 5.67
+GICP 7.23 5.77 43.82 69.04 7893 8.58 4.32
+Picasso (Ours)  7.84 5.18 47.07 7099 79.73 6.59 3.50
SAM3D 11.71 1.52 30.60 53.61 66.53 8.50 5.23

+Picasso (Ours) TS 4.95 47388 7091 NIOTT 7.63 374

- vs SAM3D: 2= HEE0o|A 2 = 7| M

. vs GICP: ADD-S (Mean) i 0 & &2 A1t
- ADD-S (median)2 7HME| A} =Ci| ADD- S (mean)2 ¢t £3
- Outliere 217l 4 ZICtD = = U S
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Conclusion

- 75t o= Hetol M dE EE[HoE E7HsEY = ULk= =X A 7
(penetration, floating, unstable)

« PhysicsZ loss?t OF:l hard constraint=2 ARSI gradient CH4l rejection
sampling A2

- VLM 7|"t Contact Scene Graph — DAG 2 At — S| =X} SIM(3) EHMe| X

. T

ot

& Q= pose corrector2td & £ Q2 shape2 1H
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Key takeaways

A5 7HM2| tHEE2 global samplingOlX| physics7t Ot
ADD-S 21.7 — 10.3 (sampling®t) — 10.6 (physics F£7I, 7|5t= 23|2] 2% FE|)

Physicse| &H| 9&2 top-16 22| HZ

Physics plausible2 HiH o2 E& k&= A2 Ot

Sim-to-real0l| R8¢ Z21E H&
CRISP-Syn+Picasso =~ CRISP-Real (+Picasso)
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Limitations

=

hard constraint + rejection2 gradient S &2 & § 9

Z &5 0F T (coarse-to-fineL 2 E2t)

ALt Za& 2ok @A M Io| H|THE
. 30| pose @AH= AFAI Q| QA0 HEFS FX|TF b
%, global 2 X sHE It 450 HE 5

VLMO]| 2| =H

XX 2t 15 0l uncertainty 7t 1029 OHE

o= of

2t 8 5HX| Z25tL] samplingO|

L|

Physic constraintOl| &, torque, friction &2 it S

- ZFOF UX|BH(contact) '-*OMI = 49 E Ed TS
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Failure Cases

Fig. 12: A failure case due to noisy and partial depth point
clouds.
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Fig. 13: Approximation of contact scene graph can lead to
failure in downstream inference.
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