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Be Physical

How to Model Material and lllumination

Be Actionable

How to Interact with
the Physical World

Be Dynamic

How to Model
Dynamic Scenes
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Be Physical

How to Model Material and lllumination
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Be PhySicaI: PhySX'Anything o Ziangcao0312/PhysX-Anything

PhysX-Anything: Simulation-Ready Physical 3D Assets from Single Image


https://github.com/ziangcao0312/PhysX-Anything
https://github.com/ziangcao0312/PhysX-Anything
https://github.com/ziangcao0312/PhysX-Anything
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Challenges

» Modelling of Physical Attributes

= Existing 3D generation primarily emphasizes geometries and textures while neglecting
physical-grounded modeling, hampering their real-world application in physical domains
like simulation and embodied Al.

can’t stand under gravity

————— e rT—————

weight: ???

size: ???
material: ???
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Definition of Physical Properties

Identification Function Operation
Material T oeemeooooooosoooooooooooooooooo
|a High " Kinematic types ;
. i i | t : : ,
i —> Physical Density o — p'r'igﬂ:;:y _yt i @ _,,? & A Noconstraints |tcarfl bellft:c! with
Mesh — Volume in Physical Gravity & Kinematics B. Prismatic joint e ——

—
3D space volume Eriction .. parent and  C. Revolute joint

<= 2 .
umﬂ 4 Find the part that holds . : .. Unlimited
El.w » _, Name & Category& Mesh EE} 7 and supports the plant Child parts Ciliecioat T movement

AbsoTute Physical dimension

i ipti E. Rigid joint
scale Function Description gid j

Identification — Determining the basic nature of the object
Absolute scaling and material (Young's modulus, Poisson’s ratio, and density)

Function — Understanding its potential applications
Functional affordance analysis and function descriptions

Operation - Detailed usage methodologies
Kinematic Parameter
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Human-in-the-loop Annotation Pipeline

-]

Basic_description: "The main structural frame of the cabinet

made of wood.”
\ Functi‘onau‘_descn‘pti‘on: "Provides support and structure for all

Rotation range: [-0.25,0.25]
Child group: [7.]
Parent group: “0"

Visual Input @ VLM Output and Human check g g Kinematic parameters determination
Name: Wall Ca_binet. Rotation axis: cyan axis -
Category: Furniture, i Location: blue point c
Dimension: 200*40*180, ! K Rotation range: [-45,45] o
parts: [{name: cabinet_frame, material: Wood, density: 0.65 g/cm*3, ! Child group: Red part .‘E
priority_rank: 10, ) E ! Parent group: Gray part "6
N neighbors: [{ (2.a) Calculate : . 2
. labels_of movement_group: "0-3", movement_type: "C", contact region u Rotation axis: [-1,0,0] e
parent_label: 0, child_label: "3" Location: [-0.12,0.3,-0.08] <
©
=
(1 99

&

other components.”, T (2.c) Candidate generation (2.d) Determine
Movement_description: "Fixed and rigid, does not move.",}...], (2.b) Plane fitting and selection parameters
Preliminary Data Acquisition
GPT-40 Human Check
Kinematic Parameter Determination
Contact Region Plane Fitting Candidate Gengratlon Kinematic !’arqmeter
and Selection Determination
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PhysXNet XL
Y ! 1.8% 1, X
PhysXNet .cont; h:me s ; Lo A L3 cabinet = table
Part Number Occurrence Frequency Phy5|cal Dimension Frequency - drawer = door
g 6750 %104 4 ’ ;&‘ bottle faucet
& 6000 & Qusm.
a'5250 o) . ‘ 4 | hutt evices As vmy Storage hai
10° 4 u St AWE T iisieniie T = | E a8 s TH0T e Beery chair oven
9 4500 S i il ,,-:'7 N q a l Water 0% %
O 750 o : L:JpLop .usfigagdpnone o mshower W knife
i 107 T DlspL:y
3000 2 "c'é'ln'u!” J\i;:1‘ U L 1 ght ln g Bk 2
€ 2250 10t ] mGdlogglghi;r?' a»lélﬁceFdKnlfreFi:/kL;?/U”Ee Wall 1 Fcldlnu W laptop
= S el as
z" z I (d) Word cloud of object tags (e) Procedurally generated data distribution
10° 4 'l
0 T T T T T T T T T T y % A
1 9 17 25 33 41 49 57 65 73 81 89 97 105 113 121 129 A 300 400 700 800 900 1000 Physical properties

(a) Part number occurrence distribution

Number of parts in Objects

Physical dimension (cm)

(b) Physical dimension distribution
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Absolute Material & Kinematics Function
. . - . . . . . o o = 2 " " 2 " i Scale rist Secon Densit! Child Paren Description
Kinematic type distribution Young's modulus distribution Poisson's ratio distribution Density distribution Ry | PN LD
3% S 7 01%  47% ot m(;]lsu, ind the part
\ —— d o
i 0.3% dimension:
18.8% x 70x.
37% 3% 3.1% 120x70x70 cm
32% 11%__ N =
40.6
41% 0.4% Range: 13545
&4 Physical I J
\ 57% dimension:
1% < 7 31.0% 35x25%2 cm
16% P
2% = ;
1% :
— Feder v .
A. No constraints’ B. Prismatic joint 0.0-2.0 EN2.0-3.0 EE3.0-4.0 8 0.20-0.25 @8 0.25-0.30 0.0-0.5™% 0.5-1.0 ™8 1.0-1.5 . Dszﬂw o i
C. Revolute joint " CB. Revo&Prim joint 4.0-10.0 #1011 #811-100 10.30-0.35 0.35-0.40 1.5-2.0 88 2,0-2.5 8 2.5-3.0 R sicainll /-\ /-\ ~ /-\
D. Hinge joint E. Rigid joint 9 100-200 B 200-411 0.40-0.45 @8 0.45-0.55 3.0-7.5% 7.5-8.0 N 8.0-10.0 S

(c) Kinematic type and material distribution

G»-

30x10x25 cm - -

We propose PhysXNet and PhysXNet-XL - the first comprehensive physical
3D dataset with over 26K and 6M richly annotated 3D objects
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Key Idea: Interactive 3D Object as Physical Code

!

Prismatic | _Revolute "t Prismatic '
== Revolute
URDF
L} w‘
Physical Representation Decoder W
= Physical Representation \
Overall information Geometry information
p
Absolute . . . e Geometry Geometry . Geometry
Scale Ll Lozl LIEIERES PR ER [ information of |_0 ) information of I_1 information of I_N
\
\ J
C
Q1: Please analyze the given image of an object Q2: Based on the structured description of |0,
and output its structured description in the generate its 3D voxel grid in the following format
following format (voxel grid=32): (voxel grid=32, use numbers from 0 to 32767,
<Overall format details> merge maximal consecutive runs: 199..216 -> 199-
216): <Geometry format details>

Image Prompt Text Prompt Text Prompt
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Method: Physical Representation Decoder

Physical-Format Decoder

Controllable Flow Transformer
Input

A Physical Representation | Input
(" Overallinformation ) _ T &lImg Cond. & Noise Represent.
( Absolute ) : \1' = ‘1’ W' S
Scale . - & 5 _ b
TimeStep=25 Linear Linear Zero Linear TimeStep=25 Sparse Flow Transformer & s
_ Sparse VAE Decoder ]
r it
o
(%]

I 1
Pos. Emb Pos. Emb

\1I><L

Trans. Block <€— T&Img =—> Trans. Block
Cond. !

Zero Linear

Output

xL

[ Description ]

Geometry information

J

Cwesn | wes | 30 Gausson
TS T T

-
Geometry information
of | O )

\
>

Physical : Yl
Represent. y : (

Output

High-Res Feat.

-
Geometry information
of LN )

J ) Input
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Results: Qualitative Comparisons

Input Image URDFormer Articulate-Anything PhysXGen PhysX-Anything (Ours)
(inematic Geometry Kinematic Geometry Kinematic Geometry
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Results: Qualitative Comparisons L
PhysXGen PhysX-Anything (Ours)
Dimension: 79.6*56.85%4.54 Question: Find the base frame of a laptop. Dimension: 35%25*%2 Question: Find the base frame of a laptop.

g'l‘ll 53-—42@&:{551

Description Material Affordance Description Material

Dimension: 44.8%12.46%9.97 Question: Find the main body of the multi-tool knife Dimension: 9%2.5%2 Question: Find the main body of the multi-tool knife

1 " 21 3
e ' . 5 77 5 ' ‘

‘ 1 ' 72
— 1’ ﬁ' 4 . ) 1d o ) Rk i e -
f ’ ‘gf;?{r\, ‘.'". | a3 SO N R ,'9 /_ R, || ox ‘ ¥ *‘ { 03 \ ’. | os ‘ A | 13
I e ' e l ca I 0 l 0 ' 12
Affordance Description Material Affordance Description Material
Dimension: 84.4*50.6%42.2 Qumlon Find the main body of the trashcan, made of HDPE Dimension: 100*60*50 Question: Find the main body of the trashcan, made of HDPE

v " *ARARARARAE

ance Description Material Affordance Description Material
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Results: Quantitative Comparisons

Evaluations on PhysX-Mobility

Methods Geometry Physical Attributes
PSNRT CDJ| F-scoreT | Absolutescale|  Material T 1 Kinematic parameters (VLM) 1  Description 1
URDFormer [11] 7.97 48.44 43.81 - - - 0.31 -
Articulate-Anything [16] 16.90 17.01 67.35 - - - 0.65 -
PhysXGen [3] 20.33 14.55 76.3 43.44 6.29 9.75 0.71 12.89
PhysX-Anything (Ours) | 20.35 14.43 77.50 | 0.30 17.52 14.28 0.83 19.36 |
In-the-wild Evaluations
: Physical Attributes (Human)
Methods Geometry (Human) 1 Absolute scale 1 Material 1 T Kinematic parameters 1 Description 1 ’
URDFormer [11] 0.21 - - - 0.23 -
Articulate-Anything [ 16] 0.53 — — — 0.37 —
PhysXGen [3] 0.61 0.48 0.43 0.34 0.32 0.33
PhysX-Anything (Ours) | 0.98 0.95 0.84 0.94 0.98 0.96 |
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Results: Quantitative Comparisons 95 v | o
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Results: Simulated Interactions

Laptop Closing Eyeglass Temple Folding Door Opening and Closing
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Be PhySicaI: IGGT O lifuguan/IGGT _official

IGGT: Instance-Grounded Geometry Transformer for Semantic 3D Reconstruction
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Challenges

Model-side Challenges Application-side Challenges
H o
0 Language Alignment Hurts Geometry Method N @ Ve @
P S 2D Obj. / Sem. 3D Obj. / Sem. 2D / 3D Obj. 3D
n i AR @ Segmentation Segmentation Tracking Grounding
) —)
Language
Alignment OpEnseg °
Fine geometry Align Geo Feat Detail lost Feat- (]
w/ Sem. Feat 3DGS

LSM
@ Tight Coupling with Specific VLMs © ©
Trained with a specific VLM When switching to a new/stronger VLM SAM2-Track a

OpenSeg |  ___ New VLM
= (Specific VLM) a 4 { (Stronger VLM) J O IGGT (Ours) ° ° ° °

L )

Method is ti;htly coupled Requires re-training
to the specific VLM (less flexible)
How can we build a unified 3D representation that preserves geometry,
@©) Core Challenge °"* . i P geometry
is not tied to a single VLM, and supports all four downstream applications?
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Instance Grounded Geometry Transformer

For Semantic 3D Reconstruction



Step 1: Scalable Data Curation Pipeline

VideoFrames | | FrameO:Initial : |  Propagate |
Input .| MaskProposals : | MasksForward

" GTProjected | a I

Objet ks g ] EA

Yes prereesessesese e e )
i Framet:New |
i Mask Proposals |
—~“Uncovered ._ ; .
N Area > o i
-Threshold? -~ R

" Update Masks

No

oy
.y |

...........................
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Multi-View
Consistent Object
Segmentation Masks

N Match SAM masks e ‘.
Initial Mask | | ! with GT IDs . - Refined Object
Proposals ' Er | Yes .-~ Uncovered “-. pNgo Masks InsScene-15K L
— ' Area > " et bt
g “._ Threshold? .-~ Data Distribution Infinigen
(Scene)
s Aria Syn. Env.
Merge SAM masks

with same IDs

(b) RGBD Captured Mask Refinement Pipeline

L‘ Scannet++



S-LAB
FOR ADVANCED
INTELLIGENCE

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

TECHNOLOGICAL

UNIVERSITY
SINGAPORE

o
2
>
4
<
4

‘Please segment

the white backet
near to the sink. "
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]

]

| S ——————— )

e e e e e s

L I ——— ]
InsScene-15K

.I.m
L-VO..

GT Ins Masks

Highlighted Ins.

Instance-Grounded Scene Understanding

Geo. Recon. 3D Ins. Recon.

ing & Inference Procedure
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Gallery: Annotated InsScene-15K
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Gallery: Inference Results of Our IGGT
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Gallery: Board Downstream Applications

RGB Image IGGT (Ours) LSM (2 View) GT RGB Mesh GT Semantic Mesh Pred. LSM-MV Mesh Pred. iGGT Mesh (Ours)

= -
- curtain - kitchen cabinet . rug -chalr backpack - suitcase - object - desk fan - bed
e e e .
5 5y

-bed -curtaln‘ ‘wau Iath-ﬂorduﬂor cabln -plcture -cloths ]aet 7 baeck window
(b) 3D Open-Vocabulary Segmentation

Queried Multi-View Masks

--
AN

3D Vlsuahzahon

re the segmented images
ed in red:

SpaTicksSAM] SAMZ® ] IGGTOu) ] GTMasks

(a) Vanilla Gemini 2.5 Pro  (b) Ours Instance-Grounded Scene Understanding + Qwen-VL 2.5

(c) 3D Object Segmentation and Tracking (d) Boosting VLM Spatial Understanding
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Model | Capability | MV Ins. Mat. | Recon. Metric |Open-Vocab. Semantic Segment
VGGT + Graph Cut |Recon. Understand Mat. | T-mloU+ T-SR+|Abs. Rel, 7+ \2D mloU+ 2D mAcct 3D mloU+
- LSeg X v X - - - - 58.11 65.76 -
OpenSeg X v X - - - - 42.33 68.06 -
66T (Ours) NeRF-DFF v v X - - 7.99  36.53| 4540 65.29 12.29
> : Feature-3DGS v v X - - 648 41.63| 57.69 63.26 23.42
LSM (2 Views) v v X - - 422 5865 53.07 53.86 -
TG SR LSM (Multi-Views)| v X - - 3.17 64.81| 53.40 59.50 35.37
SpaTracker+SAM X X v | 2643 38.57 - - - - -
SAM2* X v v/ | 5374 7125 - - - - -
VGGT v X X - - 1.84 83.60 - - -
Ours v v v | 6941 98.66 190 83.71| 60.46 81.84 39.68
Evaluation on ScanNet++ Dataset
Method AP AP5o  APy; Time Model | MVIns.Mat. | Recon. Metric | Open-Vocab. Semantic Segment
VGGT + Graph Cut 342 930 30.86 10.65min | T-mloU; T-SR: | Abs.Rel, 7+ | 2DmloUs 2D mAcct 3D mloUt
VGGT + SAI3D 14.94 31.06 50.07 12.22rpin LSeg _ _ i _ 27 61 34.42 _
Ours 12.25 2493 47.55 2.52min OpenSeg - - - - 13.92 48.13 -
Feature-3DGS - - 5.92 41.64 22.47 33.14 10.59
LSM (2 Views) - - 422 74.02 17.76 26.95 -
. . LSM (Multi-Views - - 2.96 83.28 17.88 27.84 15.17
Class-Agnostic 3D Mask Segmentation Results SpaTr;ckeHSAM) 1615 2368 i : : : :
SAM2* 44.16 57.89 - - - - -
VGGT - - 2.75 85.41 - - -
Ours 73.02 98.90 2.61 85.66 31.31 70.78 20.14
Evaluation on ScanNet Dataset
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Be Dynamic

How to Model
Dynamic Scenes
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Be Dynamic: 4DNeX () 3Dropia/4DNex

4DNeX: Feed-Forward 4D Generative Modeling Made Easy


https://github.com/3DTopia/4DNeX
https://github.com/3DTopia/4DNeX
https://github.com/3DTopia/4DNeX
https://github.com/3DTopia/4DNeX

Lmosd NANYANG
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Challenges

= Efficiency

» From per-scene optimization to feed-forward

* Data
» Scaling 4D data in the wild

* Representation

» Compact & structural
= Unified RGB-XYZ modeling
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Key Idea: Unified RGB-XYZ video diffusion

Input 6D (RGB+XYZ) Video Dynamic Point Cloud

4DNeX

“The video
showecases...”




4DNeX-10M: a Large-Scale 4D Dataset

Data Cleaning

: -
.

Data Collection

v’ Optical Flow
= v Brightness
? v' Movement

v OCR
Video Filtering

Data Source :' Selected Videos
— T i Dynamic Static
iy E ey |
i
Dynamic Static |
Pexels Vimeo Re 10K &DL3DV | |
L
3D/ 4D Annotation
Selected

Static Scenes

3D Reconstruction

Selected Dynamic
Scenes

4D Reconstruction

o5

SRS

voo
v DD

v MCV

HCPR

Quality Filtering

Monst3R MegaSaM

e S

MCV
HCPR
Flow
(@]

Multi-Stage Quality Filtering

Answer: i
-> A man is skydiving, circling in the sky with a |
background of blue sky and white clouds. |

i

Data Statistics £
-t =, 3 :
R ~ : Glding,
/ 3 movements t‘lﬂ'\d N 5
Ao door Q’
;& 3% A ciior= QO F
S . ? ;
'Q% 20% ‘/"\ Pexels 3si0nshai r’im.u?nroom x::r:zce'-‘vm‘ tf"e"e”"s'
. 49% 10% DL3DV Outdoor
“ 18% ie" RE-10K
\ Q2 :
. ) Vimeo
N, | VDM
\ -

NANYANG
S-LAB
FOR ADVANCED
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@% UNIVERSITY

Video Captioning

Ask:
I Please provide a concise description of the video,
' focusing on the main subjects and the background
| scenes.
i

-> The video shows a circular of a small lawn
garden, with a green plantshot in the middle.
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The Proposed Method: 4DNeX

Wan-DiT
C Blocks

Latent

N - / XYZ Videos Points & Camera )

9 Init. XYZ .

( N . ) (" N N\ ] . N ~
XYZ Initialization DiT Post _OPET'Z_at'On Width-wise

7 ) (_! Depth % Concatenation

| RGB 5|+ & : « 1 Camera! Channel-wise

PR i il ks i ;

y —_— ’ @ @ —|sg g =llz Predicted RGB oo, ™ UnproJectrid XYZ o e

— )77 [Pgls s || 5) 7
L X ) L V_Token Domaln Pos_ Emb_ —JL___ U L PredICted XYZ LOSS ’ L Opt|mlzat|on )
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Results: Dynamic Point Cloud
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Results: Novel-View Video
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Geometric Evaluation Results (compare with video-based reconstruction methods)

Dataset | Method | Input | Type | AbsRel | LogRMSE | é1251 ATEl RTEl RRE| CD|
| MonST3R [21] Video Reconstruction |  0.283 0.603 0.610 70132  0.085 0099  0.069
Sintel [[ﬁél] Cut3R Video Reconstruction 0.244 0.595 0.735  0.734  1.157 5983 [0.049
M Ours Single Image Generation 0.210 0.381 0.719 0200 0.102 0.334 0.067
MonST3R Video Reconstruction 0.137 0.274 0.900 0081 0033 0512 0.058
Bonn Cut3R Video Reconstruction | 0.166 0.353 0910 0300 0490 1.374 | 0.055
Ours Single Image | Generation 0.172 0.245 0.763 0219 0.096 0.665 0.062
MonST3R Video Reconstruction 0.365 0.707 0.652 0.162 0.165 0.172 0.068
DAVIS [136 Cut3R Video Reconstruction 0.352 0.842 0.647 0896 1.554 2887 0.066
Ours Single Image Generation 0.135 0.227 0.832 0274 0.106 0304 0.061
4D Generation Results on VBench User Study
. . . . Consistency Dynamic Aesthetic
Method | Consistency? DynamicT  Aesthetict  Timel
4Real [[14] 95.7% 32.3% 50.9%  90min GenXD | 10 “ ®
Free4D [@ 96.0% 47 4% 64.7% 60min
Ours 96.4% 80%  59.5%  1Smin Ani124] 25
Animatel 24~_ 90.7% 45 .4% 42.3% \
Free4D (13 969%  40.1%  [NG0S%IN 60min el 21 = [ :
Ours 97.2% 58.3% 53.0% 15min
GenXD [10] 89.8% 98.3% 38.0% \ Friep 2 = ] 2 ki
FfeeguD” k g-gg :gg-g% g;g?; ?giﬂﬁ o 20 40 60 80 10 o0 20 40 60 80 10 o 20 40 60 80 100
S 5 A S0

Win Rate% (vs. Ours) Win Rate% (vs. Ours) Win Rate% (vs. Ours)
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Qualitative Comparisons
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Be Dynamic: Light-X ) romiuwtightx

Light-X: Generative 4D Video Rendering with Camera and Illumination Control


https://github.com/TQTQliu/Light-X
https://github.com/TQTQliu/Light-X
https://github.com/TQTQliu/Light-X
https://github.com/TQTQliu/Light-X

tarced NANYANG
TECHNOLOGICAL | S-LAB
UNIVERSITY FOR ADVANCED
SINGAPORE  INTELLI GENCE

Challenges

= Controllability
» Multi-dimension: camera, illumination & scene dynamics

= Diverse lighting modality (text / HDR / background / reference)

= Data

* No paired multi-view x multi-illumination videos

» |Infeasible to capture in the wild

= Dual nature

= deterministic geometry transformation vs. generative appearance
(lighting & novel-view content)
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Light-Syn: Degradation-Based Data Synthesis

TN

S R

Original video ﬂl P

Sparse relit video Relit renders Relit masks

|
Data Pipeline J | Common Data Format for Training 1
— Degraded / v i - _ yp ’ I ym
— Inverse l | P S s !
— Select . : gllll Vt  Degraded video Degraded renders Degraded masks
% 1% | 3

| -

|

|

|

|

|
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Results: Joint Camera + lllumination Control
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Results: Diverse Lighting Conditions
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Lighting condition

—
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Quantitative Comparison

- Method Image Quality Video Smoothness User Study (%, Ours) Time |
e FID | AestheticT MotionPres.| CLIPT RQ VS IP 4DC

E TC+IC-Light / 0.573 6.558 0976 89.3 91.7 883 885 3.25min
= TC+LAV 138.89 0.574 4.327 098 86.0 844 88.0 89.0 4.33min
S LAV+TC 14461 0.596 5.027 0987 85.1 89.3 888 875 4.33min
= TL-Free 122.73 0.595 3.356 0987 88.0 89.2 882 882 5.50min
— Ours 101.06 0.623 2.007 0.989 / / / / 1.83 min
81 Rk Image Quality Video Smoothness User Study (%, Ours)
'-E FID | AestheticT Motion Preservation | CLIPT RQ VS IP
g IC-Light / 0.645 0.374 0987 81.8 091.7 88.0
&J Light-A-Video 76.05 0.619 0.296 0990 855 87.1 88.0
o Ours 61.75 0.680 0.220 0.992 / / /

% RelightVid 86.94 0.635 0.230 0.988 81.8 87.1 87.3
= Ours’ 56.60 0.682 0.199 0.990 / / /

ﬂ
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Be Actionable

How to Interact with
the Physical World
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Be Actionable: DynamicVLA ) hoie/Dynamicvia

DynamicVLA: A Vision-Language-Action Model for Dynamic Object Manipulation


https://github.com/hzxie/DynamicVLA
https://github.com/hzxie/DynamicVLA

DynamicVLA — A Quick Glance o5 il | SR,

150318

uEe"

50
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Contiguous Inference in DynamicVLA

|<—I\/Iode| Infer4>|:7l\/lodel Infer—>|<—|\/|ode| Infer—>|<

Action Execute
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Lightweight VLA Model

A, (OO0
4

4 )

Action Expert

2
<

SmolLM2-360M
(First 16 Layers)

Vi

(16 Layers)

FastViT | [ Tokenizer || MLP | [ MLP || MLP |
o o p 4 2y
( Obseivat[on 0 ) (Language Lt> ( State P, ) CNoisyAct[ons A{) CTimestepT)

Bl B




Simulation

Real-world

Automatic Data Collection
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Objects and Dynamics

#Objects
206
Speed
0-1m/s

Friction Coefficient
0.5-1.5

Lighting
4000-8000K; 150-750 Im
Cameras

; | ; s 15§ f= 2.3mm
oyl ra— Wy BB 5 fhs @ 4501360
7 ‘ | o X
"ﬁ" ! Eh -l front / side / wrist views
Scenes and Sensors

Third-Person Cameras
Microsoft Azure Kinect DK
25 FPS @ 1280x720
front / side views

Wrist Camera

Intel RealSense D435i

25 FPS @ 1280x720

Scenes and Sensors

Objects

Actions [} ‘ Q

i+ Move above object 1 J S <

Transition Q ’e_'!, R c:_;__ 4‘

- Gripper above object ~ o o
® o @

— ( (S2) Grasp & Lift )

: Actions ?‘ ?

i« Close gripper 19 *

Lift 'tf.)e object . © L 2

: Transition B a3 @

* Object grasped @ & @

S ( (S3) Approach Target & Place ) --------------

Actions ‘* _ i "

i« Move to the target
i« Release object
i Transition

i+ Object placed ® .. ‘
.............. ( (S4) Reset )
Actions ) '_\’ LJ
i« Return to home pose % °

: - b e

(1S 03 uinjau) payderap doup 123lqO

Environment Setup

Object State Acquisition

State-machine Controller
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Dynamic Object Manipulation Benchmark

Closed-loop Reactivi Dynamic Adaptatlon Long-horizon Sequencing Closed-loop
. Reactivity
Disturbance Dynamic
Robustness Adaptation
Motion Long-horizon
Generalization Sequencing
Visual Visual
- Generalization Understanding
(°)
R Motion Spatial
g Perception Reasoning
c § .
$ P — o5 SmolVLA VLASH DynamicVLA

DynamicVLA
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ynamic Object Manipulation Benchmark

Table 1: Dynamic Object Manipulation Simulation Benchmark Results. Average success rates
(SR, %) are reported across nine evaluation sub-dimensions, organized under three categories: In-
teraction, Perception, and Generalization. In addition, overall average SR (%) and task completion
time (Time, seconds) are reported. Each method is evaluated over 1,800 trials (10 scenes x 9 di-
mensions X 20 trials). All baseline models are fine-tuned on the DOM dataset using their official
implementations and released pretrained weights. Best results are highlighted in bold.

Methods Interaction Perception Generalization Average
CR DA LS vu SR MP VG MG DR SR T Time |
Diffusion Policy [29] .50 0.50 0.00 1.00 0.00 0.00 1.00 0.50 0.00 0.38 10.89
ACT [16] 2.50 1.50 0.00 1.00 1.50 (.50 2.50 2.50 0.00 1.33 10.80
OpenVLA-OFT [54] 3.50 (.50 0.50 0.00 1.50 (.50 3.50 2.00 0.00 1.33 10.83
mo.5 [559] 9.50) 17.50 3.50 5.00 1250  9.00 500 1950 18.00 11.06 10.62
RTC [17] 12.00 1500 4.00 7.50 13.50 8.50 6.50  14.00 20,00 11.22 10.63
SmolVLA [14] 1850 17.50 5.50 1.50 1450 1150 1450 1350 1700 1267 10.65
GROOT-N1.5 [59] 1050 1200 400 9.50 1350 1400 1450 1950 2000 13.05 10.56
VLA-Adapter-Pro [15] 21.00 1550 6.00 6.50 1650 1050 1500 1850 13.00 13.61 098
VLASH [10] 9.00 2050 7.50 6.50 7.50 1200 700 21.00 2000 1233 10.60
Dynamic 60.50 38.50 40.50 51.50 45.00 3350 5950 6500 2650 47.06 8.53

CR: Closed-loop Reactivity; DA: Dynamic Adaptation; LS: Long-horizon Sequencing: VU: Visual Uderstanding; SR: Spatial Reasoning;
MP: Motion Perception; VG: Visual Generalization; MG: Motion Generalization; DR: Disturbance Robusiness
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Interaction

Evaluates closed-loop interaction under evolving object motion

58
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Be ACtiOﬂ&bleI Kinema4D o mutianxu/Kinema4D

Kinema4D: Kinematic4D World Modeling for Spatiotemporal Embodied Simulation
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Background

Rolling out robot trajectories are costly, unsafe, and require labor-intensive human supervision
=> restrict scalable robot learning in the real world.

. \ , y =
F .
¥ g i = . ® —
(41 . J

Existing physical-engine based simulators are mostly synthetic
=> not visually realistic and constrained by predefined physical rules, hard to model real-world
dynamics.
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Kinema4D: Precise 4D Control & Flexible 4D Generation @ ew™ | 2o

=)

s :
2 [Kinematics
(0]

Full world
rgb sequence

piemio

Kmemattcs Control | Robot action as i 4D Generative Modeling Full world
Canonical initial 3D robot 4D robot sequence : spatial visual signal Noise bointmap sequence
H R i . : B
world sefu recorlsiructlon (Reconstruction space) Robot pointmap sequence ' —
2 &
: (Canonical.c.a_mera space) — "‘.DG|en_k > Full
Robot URDF DiT Blocks 4D World
Joint angles j
qlquI "'/ : .
Initial : %
: main-view |
ol

/‘ x,y,0
End-effector pose - world rgb
5 Robot rgb sequence

(Opttonal)

(Robot space) (Canonical camera space) E'@“

Robot action sequence Initial main-view camera
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Result comparison

Method Output PSNRT SSIM1 L2 _latent! FID! FVD!. LPIPS!
UniSim [ICLR'24] Text RGB 19.32 0.681 0.2120 32.3 153.2 0.175
IRA-Sim [ICCV'25] Emb. RGB 20.21 0.813 0.1722 25.2 126.0 0.135
Cosmos [arXiv'25] Emb. RGB 20.39 0.787 0.1935 27.1 1134 0.110
EVAC [arXiv'25] Emb.+2D RGB 20.88 0.832 0.1896 29.3 122.0 0.150
ORV [CVPR'26] Emb.+3D RGB 19.45 0.790 0.2002 30.1 130.1 0.143
Ctrl-World [ICLR'26] Emb. RGB 21.03 0.803 0.1533 24.9 112.8 0.122
TesserAct [ICCV'25] Text 4D 19.35 0.766 0.1911 29.5 120.3 0.158
Ours 4D 4D 22.50 0.864 0.1380 25.2 98.5 0.105

Outperform across various metrics of video generation

CD-L1! CD-L1 (temp)! CD-L2! CD-L2 (temp)! F-Scoret F-Score (temp)?
0.0836 0.0067 0.0130 0.0008 0.2896 0.9523
0.0479 0.0074 0.0077 0.0002 0.4733 0.9686

Outperform across various metrics of geometry
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Dataset: Robo4D-200k

DROID (96,236) [ P RT-1(19,794)

(44,916) LIBERO (40,480)




fomo ] NANYANG

TECHNOLOGICAL | S-LAB
% UNIVERSITY FOR ADVANCED
SINGAPORE INTELLIGENCE

Comparison: Successful Simulation

Ground Truth TesserAct [ICCV 2025]

[P———
e et
el T o
o Tea R
ol il
PN v

Contact and manipulate same object
Similar outcome
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Comparison: Failed Simulation

Ground Truth TesserAct [ICCV 2025]

All failed to grasp the object

Correctly interprets the spatial gap between the gripper and the object

even when their RGB textures overlap in 2D views
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Policy Evaluation (real-wold OOD test)

2D

All failed to grasp the object

Correctly interprets the spatial gap between the gripper and the object
even when their RGB textures overlap in 2D views
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Policy Evaluation

All failed to grasp the object

Correctly interprets the spatial gap
between the gripper and the object,
even when their RGB textures
overlap in 2D views
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Be Actionable: WorldLens () worldbench/ WorldLens

WorldLens: Full-Spectrum Evaluations of Driving World Models in Real World


https://github.com/worldbench/WorldLens

T NANYANG
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Challenges

» Traditional benchmarks are fundamentally appearance-driven (pixel-level
aesthetics), which leaves them blind to the core requirements of world modeling
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models

%

&0
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£

N

Objective:

Measure whether a model can synthesize visually realistic,
temporally stable, and semantically consistent scenes.

Semantics



BT NANYANG
W TECHNOLOGICAL | S-LAB

UNIVERSITY FOR ADVANCED
SINGAPORE ~ INTELLI GENCE

WorldLens: Benchmarking World Models
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Generation

Subject Fidelity
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models
&

i ?

A

£

N

Objective:

Probe whether generated videos can be reprojected into a
coherent 4D scene using differentiable rendering.

Novel View
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models

A

&

2 a

2 NANYANG

TECHNOLOGICAL | S-LAB
UNIVERSITY FOR ADVANCED
SINGAPORE INTELLIGENCE
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WorldLens: Benchmarking World Models
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Objective:

Test if a pre-trained action planner can operate safely inside
the generated world using an open- / closed-loop simulator.



WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models
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Action-Following
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WorldLens: Benchmarking World Models
&
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A

£

N

Objective:

Test if a pre-trained action planner can operate safely inside
the generated world using an open- / closed-loop simulator.

\YETe) Box
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models

"

&

A

£

N

Objective:

Capture subjective scores, e.g., physical plausibility and
behavioral safety, through large-scale human annotations.

Human

Empirical
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models
xR

/ | " (Sec 3.2) (Sec 3.4)

World N\

A Journey of Evaluation i
s N
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WorldLens: Benchmarking World Models

N o 8
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WorldLens: Benchmarking World Models
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WorldLens: Benchmarking World Models
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WorldLens-Agent

Overall Realism

e Score:40
* Reason: Natural lighting, sharp
textures, no artifacts...

e (T 18

Physical Plausibility

* Score:4.0
* Reason: Vehicle and pedestrian
motions Follow basic physics...

N
Iﬂ.yl

> |

3D & 4D Consistency

* Score:35
* Reason: Perspective generally
correct but depth slightly flat...

Behavioral Safety

e Score:45
* Reason: Obeys signals, maintains
safe vehicle behavior...
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WorldLens-Agent: Use Cases

% Physical Plausibility

The video exhibits a failure in
physical plausibility. The ego's
perspective inexplicably lifts off
the ground and ascends into the

air, appearing to fly over the
guardrails and terrain . . .
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WorldLens-Agent: Use Cases

5]

The ego-vehicle drives along the
sidewalk and passes through
sidewalk objects, which represents
clearly unsafe and non-compliant
behavior. Such violations make the
vehicle . ..

Rating: 2 /10 B3

Left 4m
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WorldLens-Agent: Use Cases

% Physical Plausibility

The scene’s geometry and lighting
remain broadly consistent, with
stable road structure. However, the
cow’s movement lacks physical

realism, its body glides laterally
with minimal limb articulation . ..




E¥FT NANYANG
TECHNOLOGICAL | S-LAB

UNIVERSITY FOR ADVANCED

SINGAPORE INTELLIGENCE

WorldLens-Agent: Use Cases

5]

The ego-vehicle fails to stop at a
clearly visible red light, proceeding
through the intersection despite the
signal being solidly red. This
constitutes a serious traffic violation
and, narrowly avoiding a collision . . .

Rating: 1/ 10 B B3
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Be Physical

How to Model Material and lllumination

Be Actionable

How to Interact with
the Physical World

Be Dynamic

How to Model
Dynamic Scenes

Unified V:\fl_o‘»r_ldl ;M‘cA‘)deIl‘ng

Multimodal Generative Models




\\\\ \\ i \: ._:

é

=
i @)

ty

S-LAB
FOR ADVANCED
INTELLIGENCE

3

I

%
Nanyang Technological Univers

-3 TECHNOLOGICAL
“iw UNIVERSITY

Thank You

#%% NANYANG
Ziwei Liu X



	Slide 1: From Multimodal Generative Models to Unified World Modeling
	Slide 2
	Slide 3
	Slide 4: Be Physical: PhysX-Anything
	Slide 5: Challenges
	Slide 6: Definition of Physical Properties
	Slide 7: Human-in-the-loop Annotation Pipeline
	Slide 8: PhysXNet & PhysXNet-XL
	Slide 9: Key Idea: Interactive 3D Object as Physical Code
	Slide 10: Method: Physical Representation Decoder
	Slide 11: Results: Qualitative Comparisons
	Slide 12: Results: Qualitative Comparisons
	Slide 13: Results: Quantitative Comparisons
	Slide 14: Results: Simulated Objects
	Slide 15: Results: Quantitative Comparisons
	Slide 16: Results: Simulated Interactions
	Slide 17: Be Physical: IGGT
	Slide 18: Challenges
	Slide 19: Key Idea:  Learning 3D Instance-level Semantics with Geometry
	Slide 20: Step 1 : Scalable Data Curation Pipeline
	Slide 21: Step II: End-to-End IGGT Training & Inference Procedure
	Slide 22: Gallery: Annotated InsScene-15K 
	Slide 23: Gallery: Inference Results of Our IGGT
	Slide 24: Gallery: Board Downstream Applications
	Slide 25: Performance: Quantitative Results 
	Slide 26
	Slide 27: Be Dynamic: 4DNeX
	Slide 28: Challenges
	Slide 29: Key Idea: Unified RGB-XYZ video diffusion
	Slide 30: 4DNeX-10M: a Large-Scale 4D Dataset
	Slide 31: The Proposed Method: 4DNeX
	Slide 32: Results: 6D (RGB+XYZ) Video
	Slide 33: Results: Dynamic Point Cloud
	Slide 34: Results: Novel-View Video
	Slide 35: Quantitative Comparisons
	Slide 36: Qualitative Comparisons
	Slide 37: Be Dynamic: Light-X
	Slide 38: Challenges
	Slide 39: Light-X: Controlling Camera and Illumination in Video
	Slide 40: Light-Syn: Degradation-Based Data Synthesis
	Slide 41: Light-X: Disentangled Camera–Illumination Diffusion
	Slide 42: Results: Joint Camera + Illumination Control
	Slide 43: Results: Video Relighting
	Slide 44: Results: Diverse Lighting Conditions
	Slide 45: Quantitative Comparison
	Slide 46: Qualitative Comparison
	Slide 47: Applications
	Slide 48
	Slide 49: Be Actionable: DynamicVLA
	Slide 50: DynamicVLA – A Quick Glance
	Slide 51: Latent Analysis for Current VLAs
	Slide 52: Contiguous Inference in DynamicVLA
	Slide 53: Latent-aware Action Streaming in DynamicVLA
	Slide 54: Lightweight VLA Model
	Slide 55: Automatic Data Collection
	Slide 56: Dynamic Object Manipulation Benchmark
	Slide 57: Dynamic Object Manipulation Benchmark
	Slide 58: Experiments on Real-world Robots
	Slide 59: Be Actionable: Kinema4D
	Slide 60: Background
	Slide 61: Kinema4D: Precise 4D Control & Flexible 4D Generation
	Slide 62: Result comparison
	Slide 63: Dataset: Robo4D-200k
	Slide 64: Comparison: Successful Simulation
	Slide 65: Comparison: Failed Simulation
	Slide 66: Policy Evaluation (real-wold OOD test)
	Slide 67: Policy Evaluation
	Slide 68: Be Actionable: WorldLens
	Slide 69: Challenges
	Slide 70: WorldLens: Benchmarking World Models
	Slide 71: WorldLens: Benchmarking World Models
	Slide 72: WorldLens: Benchmarking World Models
	Slide 73: WorldLens: Benchmarking World Models
	Slide 74: WorldLens: Benchmarking World Models
	Slide 75: WorldLens: Benchmarking World Models
	Slide 76: WorldLens: Benchmarking World Models
	Slide 77: WorldLens: Benchmarking World Models
	Slide 78: WorldLens: Benchmarking World Models
	Slide 79: WorldLens: Benchmarking World Models
	Slide 80: WorldLens: Benchmarking World Models
	Slide 81: WorldLens: Benchmarking World Models
	Slide 82: WorldLens: Benchmarking World Models
	Slide 83: WorldLens: Benchmarking World Models
	Slide 84: WorldLens: Benchmarking World Models
	Slide 85: WorldLens: Benchmarking World Models
	Slide 86: WorldLens: Benchmarking World Models
	Slide 87: WorldLens: Benchmarking World Models
	Slide 88: WorldLens: Benchmarking World Models
	Slide 89: WorldLens: Benchmarking World Models
	Slide 90: WorldLens: Benchmarking World Models
	Slide 91: WorldLens: Benchmarking World Models
	Slide 92: WorldLens: Benchmarking World Models
	Slide 93: WorldLens: Benchmarking World Models
	Slide 94: WorldLens: Benchmarking World Models
	Slide 95: WorldLens-Agent
	Slide 96: WorldLens-Agent: Use Cases
	Slide 97: WorldLens-Agent: Use Cases
	Slide 98: WorldLens-Agent: Use Cases
	Slide 99: WorldLens-Agent: Use Cases
	Slide 100
	Slide 101

