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Why Do We Need World Models?

Autonomous Driving Robot Manipulation

Anticipate the consequences  Evaluate candidate plans before Create varied scenarios for training
of a driving decision. committing to execution. and testing model behavior.

World model is a learned representation of an environment that predicts how
it evolves in response to actions.



3oy NANYANG
¥4 TECHNOLOGICAL S-LAB

W=7/ UNIVERSITY | For apvanceo
> SINGAPORE INTELLIGENCE

Challenges Be Physical

How to Model Physical Properties

Be Actionable

How to Interact with
the Physical World

Be Agentic

How to Understand
the Physical World

u
Multimodal Generative Models
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Be Physical
How to Model Physical Properties
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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

FYESTY,

—— ——

weight: ???

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

Gravity & Kinematics
3D space__} volume ty

Identification Function Operation
Material U e SEeee——
|a : . v Kinematic types ;
8 = = | g
o Physical Density ' S ngh?St S @ N A. No constraints It can be lifted with
v Volume in Physical Mass & / - priony -. . B. Prismatic joint aforceofx N
Mesh — H ' J T

icti . C. Revolute joint
El A Friction ... Find the part that holds Parlent and T J_ Unlimited
S0 > ':Em‘? &IE:'HEBUV_V& and supports the plant Child parts D. Hinge joint movement
ysical dimension i - S
Abssc.::gte Function Description E. Rigid joint

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

b 1,

Basic_description: "The main structural frame of the cabinet

made of wood."
\ Functa‘ona;‘_descn‘pn‘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, | Location: blue point c
Dimension: 200*40*180, & 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 "a
. neighbors: [{ (2.a) Calculate ; K c
. labels_of movement_group: "0-3", movement_type: "C", contact region . Rotation axis: [-1,0,0] =
parent_label: 0, child_label: "3" Location: [-0.12,0.3,-0.08] <
©
o=
(118

&

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 Gengration Kinematic !’arqmeter
and Selection Determination
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PhysXNet-XL
2 hecicil Vlaste swivel pinipe Centilever. . 1.8% 1.3% .
PhysXNet LCONTAINGE, S5A 11| 10728 D e o cabinet + table
i H : CloCk. . gm== Bottle . = Dogr/:® Adju 4%
Part Number Occurrence Frequency Physical Dimension Frequency 11 o drawer = door
- Bot 4 H o bottle ¥
él)) 6000 $ il - 1 ottle aucet
_8 5250 -8103 ] [ J‘\ ; . : f m 53% chair oven
o 4500 — = ] 2%
8 3750 8102 o B et s Headphone M shower W knife
Q:3000 g ks ‘CJ:“E.V&’ ‘\’!Dh ng Dl E
£ 2250 Eioi ] 081355 Pty Folding ulaptop
3 1500 S . o .
z ., =z I [I (e) Procedurally generated data distribution
0 10° 3 T i Il T II 0
1 9 17 25 33 41 49 57 65 73 81 89 97 105 113 121 120 0 100 200 300 400 500 600 700 800 900 1000 Physical properties

Number of parts in Objects
(a) Part number occurrence distribution

Kinematic type distribution
3%

Physical dimension (cm)
(b) Physical dimension distribution

Poisson'sll;?tio distribution

Young's modulus distribution
~ 3%

Density distribution
0.1% 2.7%

2%
A 0.3%
) 18.8%
37% 2 3.1%_ \ 4
32% 11%_ 5
a1% 0.4% 40.6%
2 57%
1% 2 31.0%
16% 5%
2% . v
1%
A. No constraints® " B. Prismatic joint 0.0-2.0 EE2.0-3.0 ®83.0-4.0 9 0.20-0.25 @8 0.25-0.30 0.0-0.5™% 0.5-1.0 ™ 1.0-15
C. Revolute joint CB. Revo&Prim joint 4.0-10.0 10-11 ®911-100 ¥ 0.30-0.35 0.35-0.40 1.5-2.07" 2.0-25 2.5-3.0
D. Hinge joint E. Rigid joint B 100-200 B 200-411 0.40-0.45 @ 0.45-0.55 3.0-7.5197.5-8.0 ™8 8.0-10.0

(c) Kinematic type and material distribution
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Absolute Material & Kinematics Function
Scale Frist Second Density Child parent  Description
Rotation: [-180,180]
Dir:(0,1,0]
Pos: 0.01,0.27,02]
Physical
dimension:

- )
120x70x70 cm
Range: [-135,45]

Dir: [0.99.0,0]
Pos: [-0.03,0.15,0.17]

1
Range: [-180,180]

Dir: (0.99,0,0]
Pos: [0.44,0.

a

air_surface
Physical

dimension: /-\ /-\
30x10x25 cm - -

Physical
dimension:
35x25x2 ¢cm

na

We propose PhysXNet and PhysXNet-XL — the first comprehensive physical
3D dataset with over 26K and 6M richly annotated 3D objects

S-LAB
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Key Idea: Interactive 3D Object as Physical Code

!

Prismatic
URDF ‘ _ XML
Physical Representation Decoder W'

. Physical Representation N

Overall information Geometry information
Absolute . . . .. Geometry Geometry . Geometry
[ Scale ] [ Gittereknes ][ LG ][ WG LIS ) [ LTI J [ information of | 0 ] [ information of 1_1 J [ information of | N J
. J
L

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




Method: Physical Representation Decoder

Physical Representation

\

Absolute
Scale

[ Description ]

4 Overall information )

Geometry information

s \
Geometry information

of | 0

\. J
e - )
Geometry information
of N
\ J

TimeStep=25

Input

Controllable Flow Transformer

Input

\Z

Linear
I

Pos. Emb

\LxL

\Z

Linear
1

Pos. Emb

Zero Linear

xL

Trans. Block <€— T&lmg —> Trans. Block

Cond.

Output

High-Res Feat.

Zero Linear

W'

TimeStep=25

J 3

Physical
Represent.

Input
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Physical-Format Decoder

Input
High-Res Feat. Physical

Sparse Flow Transformer &
Sparse VAE Decoder

Output

N/
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Results: Qualitative Comparisons

Input Image PhysXGen

Geometry Kinematic

PhysX-Anything (Ours)

nematc

URDFormer Articulate-Anything
(inematic Geometry Kinematic
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Results: Qualitative Comparisons

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.
' =9 ‘ | ' 3 ' i
l I l. | & «= | l.
Description Material 0 : 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

I | ‘ 1
= e 1 im TR Arti T— ' - ‘ ‘
f . o Sl EE R N B S || o= ‘ N fos .“ =
iAo e [ - ;. |

L | |

Affordance Description Material Affordance Description Material
Dimension: 84.4%50.6%42.2 Questlon 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

| J 'i \ARABRARARAL

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 | 1 Kinematic parameters (VLM) 1  Description 71
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) T Absolute scale 1 Material 1 T Kinematic parameters | 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 ‘




BT NANYANG
TECHNOLOGICAL S-LAB
UNIVERSITY \

Results: Simulated Objects 9 v | o e

15



BT NANYANG
& TECHNOLOGICAL S-LAB
FOR ADVANCED

Results: Quantitative Comparisons 9%/ ey | pon s

16



NANYANG

TECHNOLOGICAL | S-LAB
%5,/ UNIVERSITY FOR ADVANCED
" SINGAPORE INTELLIGENCE

Results: Simulated Interactions

Laptop Closing Eyeglass Temple Folding Door Opening and Closing
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Be PhySicaI: PhySX'Omni O Ziangcao0312/PhysX-Omni

PhysX-Omni: Unified Simulation-Ready Physical 3D Generation for Rigid,
Deformable, and Articulated Objects


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

» Limited Coverage of Physical Object Types

= Most 3D generation methods focus on geometry and appearance. Even simulation-ready
approaches such as PhysX-Anything primarily target articulated objects, offering limited
support for rigid and deformable objects.

Most 3D Generation Methods
Category-Specific Sim-Ready Methods

Geometry <
’ N [4 ’ T ”;f S T, Rigid Articulated Deformable
g: %,’ '1 a | - v )} °
\/A, L - J;r:‘ /’{g’;

[ 4
Fabric deformation Unknown kinematics ~ Unknown size & position




Challenges

= Scarcity of Physical 3D Data

» High-quality 3D datasets with comprehensive
physical annotations remain scarce. Their
limited scale and diversity constrain
generation quality and generalization.

Physical 3D Datasets

Scale

Conventional 3D Datasets

Material T
S

Material v Kinematics v Scale v
Limited object diversity

Geometry v Appearance v

Material ? Kinematics ? Scale ?

BT NANYANG
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» | ack of Ground-Truth Benchmarks

» High-quality 3D datasets with comprehensive
physical annotations remain scarce. Their
limited scale and diversity constrain
generation quality and generalization.

With Ground Truth Without Ground Truth
v —
‘ Bl | ERES :

Ground Truth

Prediction Ground Truth In-the-wild input Prediction unavailable
[ J
! l
=@ EEEX

Metric computable Metric cannot be computed
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Key Idea: Diverse 3D Object as Unified Physical Code

Wind-Driven Motion Simulation

Free-Fall Motion Simulation

by -
o7 = U= = :
< FFEEiiLY \ Ll 3331 > £33 : 3 33
#3 3 E 333 333 %:5
b < o :n £33 b4 11;§§;; >3 *o g > <
2333 F5333323333YSTFI3333322UTI32223333F55533222.
L
A Overall information Simulation Geometry information =
4
Al: Name: Lamborghini Pid A2: a:\nb:1536 128\nc:1379 24;1443
Category: Sports Car Sim Read 24;1507 3;1529 2;1536 128\n0:layer \ Part-level Meshes
Dimension: 478*203*113 Y a\nl:layer a\n2:layer a\n3:layer Decoder Part-level RF
Parts: |_0: Car Body, 1, Carbon Fiber Reinforced Polymer, 1.6 g/cm*3, 70.0, 0.3, Physical 3D Asset a\n4:layer a\n5:layer a\n6:layer — art-level RFs
The main chassis and body shell of the Lamborghini... \ a\n7:layer a\n8:layer a\n9: Library ovel 3DGE
Group_info: group_0: ['_0', '_2", 'I_4","I_5", 'I_6','I_8", 'I_9', "I _10', 'I_12']; Type: E;... | ,~ | layer b\n10:layer b\n11:.. Part-level 3DG 1)
\_ J XML URDF J
4 Round 1 ' % Round 2 - Round n

S Vision-Language Model (VLM) s
[Z]C][Z]DC] DD DDDDD DD

Text Toknizer

1)
i)

Image Toknizer

t ?

. T —=~ | Q1: Please analyze the given image of an object and
. < -
j’ or S’ ﬁ' output its structured description in the following
format (voxel grid=64):
Occluded Image | <Overall format details>

Full Image
from scene

Image Prompt

Text Prompt

il J,uu

Vlslon-Language Model (VLM)

C] 00-0p00 000QO - 00

Image tokens Ql tokens A1l tokens

Text Toknlzer

Content memory , L)

@Q2: Based on the structured description of |_0,
generate its 3D voxel (grid=64) in the 3D RLE (linear
scan) format. Output one run per line as: start_index
length:

<Geometry format details>

Text Prompt
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PhysXVerse

PhysXNet (Category: 21) PhysX-Mobility (Category: 46)

World Cloud of Object Tags

""Panel‘ <Shoe

ToEso S eBase:

1400

-
N
=3
o

-
o
=3
S

“ iM6de1

ontalnera Qckrest
Barrel(j lEar O Engin: Y

B 11d1in, Window goCal

UpperTail & v
4_.»-«

o
=3
=)

me”w

v\ 7 Platfolm 4
o cDoratlve”
g QOr" St

Number of Objects

400 culpture L_
Ringe Lo GF GEZ(Bott Lo gl oot ‘
¢ ] p : 'Ho;u.siling s \»JOOdeng:-)
’ Cap<5upp0rnth31 2k 20S) CaE 1A=

Part number

We propose PhysXVerse — a comprehensive physical 3D dataset with over
8.7K richly annotated sim-ready 3D objects



PhysX-Bench

xS

GQO @ Clip Alignment

. e
W "

@ 3D Consistency

@ Visual Quality

©

@ Prior-part motion
consistency

L Nl

@ Revealed-entity plausibility
@ Global articulation

Part-level
description

@ Alignment score
This is the main body of the

. pistol, including the slide and
frame, typically made of steel.

@ Precision score
____ Thetriggeris a small steel lever
located inside the trigger guard.

The muzzle is the
front end of the
barrel where the

Material property

Density (g/cm’) 785 | 782

Young’s Moduluss (Gpa) | 200 | 185

Poission’s Ratio 0.30 028 - z\
<\

Coherence

bullet exits.
Relative Ranking
Measure the absolute P hysX- Bench plausibility
) dimension of 3D assets ; . @ Salient Misranking
= 6 Dimensions High
8 Dimension GT (em) Generated [cm) '
" Width (W) 060 061 Geometry '@)
3 Depth (D} 055 054 ; l
2 Helght (H) 084 079 & Low
o (3 overall Common-sense
0 Plausibility )
< i ! ' High
I Low

0 Affordance
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Evaluation Dimensions

Geometry-CLIP

Geometry-3D Cons. Material

Geometry-Visual Material-Density

Absolute Scale Material-Poisson

Affordance Material-Young's

Kinematic-Global Description

Kinematic Description-Prec.

Description-Align

mm Articulate-Anything mm MonoArt PhysXGen PhysX-Anything s PhysX-Omni (Ours)

It consists of six key dimensions for comprehensively evaluating 3D
structure, appearance, fundamental physical attributes, and understanding
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Results: Qualitative Comparisons
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Input Articulate-Anything MonoArt PhysXGen
Geometry Kinematic Geometry Kinematic Geometry Kinematic Thie left liand of the fiecha
7= lxx¥§i b ). I I 78
=, 3 0.5 0.5 % 39
3 Hualitah L v, S5,
® Other physical attributes ® Other physical attributes Absolute scale: 106.92*%67.76*31.69 Description  Material
~ PhysX-Anything ~ PhysX-Omni (Ours)
Geometry Kinematic The left hand of the mecha Geometry Kinematic The left hand of the mecha
'1 |1 |1.2 3 b C m '1 |1 la,az
0.5 05 ﬁ 0.6 0.5 , 05 ’ns 222
7 < I 0 ' I 0 I 0 i & 3 l 0 I 0 l 0
Absolute scale: 90.1*47.31*49.42 Description  Material Absolute scale: 2504.1*1587.06%742.32 Description  Material
Articulate-Anything MonoArt PhysXGen
Geometry Kinematic Geometry Kinematic Geometry Kinematic The digging bucket of the excavator
) . A ;""T' | 1 - ' 1 | 7.8
Fail ﬂ (e "K‘ os SN |os b
ol = R
® Other physical attributes ® Other physical attributes Absolute scale: 59.84%30.79%19.41 Description  Material
PhysX-Anything PhysX-Omni (Ours)
Geometry Kinematic

The digging bucket of the excavator Geometry . Kinematic The digging bucket of the excavator
| \ It K [ R&
ﬂ 05 # o t I 3.9

0

Absolute scale: 40.0%20.58*12.97 Description  Material Absolute scale: 2504.1*%1587.06%742.32 Description  Material
Articulate-Anything MonoArt PhysXGen
Geometry Kinematic Geometry Kinematic Kinematic The abdomen of the bee, made of chitin
‘:‘:‘3-: o { = I I: s
' ‘ e [ }h\ 05 L fos .39
4 o w
> & & 4SS @< \ l § l 5 l o
|2 = 2 a2 |2 & 2>
® Other physical attributes ® Other physical attributes Absolute scale: 55.80%45.89%45.48 Description  Material
~ PhysX-Anything ~ PhysX-Omni (Ours)
Geometry _ Kinematic The abdomen of the bee, made of chitin Geometry Kinematic The abdomen of the bee, made of chitin

|1 ‘ '1 |2.4 ” |1 '1 |1.4
05 05 120 ~é £ > | 05 ‘ 0.5* 07
Io lo . Io / ’ Io Io Io

Description  Material Absolute scale: 1.5%1.23%1.22 Description  Material

.4

Absolute scale: 29.98*24.65%24.43
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Results: Simulated Objects
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Results: Simulated Objects

Close the Turntable Lid

Move the Wheelchair
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Application

Generated Sim-Ready Scenes

Assets in Scene

2D image to 3D Layout

Inputs
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Be Agentic y
How to Understand dWorIdMod . Ii;g
the Physical World
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Motivation: S-Agent

How can an agent build a coherent 3D scene from partial views?

Limits of isolated visual observations Accumulate persistent spatial evidence
VLMs learn mainly from 2D image-text data. Let the VLM plan what to inspect or measure,
Semantic recognition does not reliably while spatial tools and experts recover the
preserve metric 3D geometry. geometry.

Each frame reveals only part of a scene. Scene memory preserves object states.
Independent predictions can lose object Agent memory retains tool observations
states and evidence across views and time. and reasoning for reuse in later steps.

Spatial Tool-Use Elicits Reasoning for Spatial Intelligence
Yalun Dai et al., 2026



Key ldea: Spatial Tools with Persistent Memory
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A VLM chooses the evidence. Spatial tools and memory ground its reasoning.

Input Video / Frames + Question

Which object is closer to the sofa?

A. Chair B.Plant C.Book D. Cabinet
The abs distance between sofa and TV?
Request direct number.

Agentic Planner (Driven by VLM)

@ 1. Thought n 2. Request @ 3. Tool =) 4. Memory
E Evidence Observation| | % Update
| should compare the Request: distances Got distances and Update objects,
distance. from {chair, plant} supporting evidence. relations, and tool-
to sofa. use history.

______________

Hierarchical Spatial Evidence

Request missing evidence

Acquisition

p
Level 1: 2D Visual Evidence

a) Keyframe Selection

b) Object Grounding / Verification

[Whats in the Image? ] [\s Sofa in the BBox? ]

““

[Answer Sofa, Table ] [Answer Yes / No

c) Open- Vocabulary Detection

Snfa
G DI NO
Table

v
- . . \
. Level 2: 2D-to-3D Geometric Llftlng
7\
d) Metric Depth Tool e) Spatial Reconstruction Tool
=y DA3/
Bt
Point Bridge Vi S
uery Polni Target1 O iy TArGet2 Point Cloud BEV View Abs. distance

\ J/
N

f) Metric Measure Expert g) Counting

D.s(sufa chair)

Metric Distance

FHF -

. Level 3: Spatial Knowledge Aggregation

Deduplicate & Aggregation

Expert h) Visual Orientation Expert

h Facing right

Object Orientation

i) Relation Expert
e

:a i Left-front
P
-- \K;\l of Sofa
b 2
r

J) Object-Centric View Expert

Count=3

Read
Memory
Summary

lﬁ;(—\
( %
o

Write
Structure
I Obser
| vation

Persistent Spatial Memory

Scene Memory
What is known about the scene

Agent Memory

How that priors was obtained

I) Object Registry p) Planner Thoughts

Need compare

=tk I

Sofa, Plants, Chair, TV, ...

chair / plant / book
I cabinet to sofa

m) Geometry Priors

Depth, XYZ (world), Scale, ...

q) Tool Requests

Round 1
’ Grounding; Detection

Round 2
Spatial Reconstruct
r) Observation / Failures

n) Object Relations

- Chair closer to sofa - Chair found
- Plant left-front of sofa - Book missing
- Dis(sofa, chair) = 1.0m (retry 3)

0) Frame Evidence

L~ Chair-sofa
4 @ measured; table,
o
cabinet unresolved

s) Final Conclusions

Keyframe with Detection

[ Supports re-detection, cross-view fusion,

scale calibration, and self-correction

)

J

<’?> Grounded Final Answer : A

The chair is closer to the sofa.

VLM planning

The VLM asks for missing evidence,
Inspects tool outputs, and decides
when it can answer.

Hierarchical spatial tools

2D grounding and 3D lifting feed
spatial experts that compute
counts, distances and relations.

Dual persistent memory

Scene memory merges object
evidence. Agent memory keeps the
reasoning and tool history.
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Demo: S-Agent P |

— 3D Lifting

Lift to 3D

4 Sy
S s t'.‘z'f_;,-w;
s METRIC DEPTH

entrance door

(o]

TOP-DOWN

@ headphones ® door @® camera

POINT CLOUD FRONT GEO

Lift the grounded objects into one 3D frame.

Click to play full screen (55 s)

33
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Results: Spatial Reasoning and Distillation

Zero-shot spatial reasoning Distilling Qwen3-VL-8B on S-300K
80.0 80.0
60.0 60.9
60.0 S04 >0 60.0 495 528
. 49.1 495 °<
46.4 46.8 :
@ e o 416 422441
S 40.0 S 40.0
(V] (Vp]
20.0 20.0
0.0 0.0
MMSI ViewSpatial ReVSI MMSI ViewSpatial ReVSI
Gemini 3 Pro M S-Agent Base 8B M Agent 8B M Distilled 8B
+ 9 6 points on ViewSpatial + 1 O 5 points on MMSI
° versus Gemini 3 Pro o versus the base 8B model

Benchmark scores follow each official evaluation protocol. Higher is better.



Ablations: How Spatial Evidence Adds Value

GPT-5.4 planner on ViewSpatial-Bench

Cumulative spatial capabilities
65.0

60.0 60.0
6.7

%)

< 550

| ./_ﬁ"u o
45.0 >.6

40.0

Accuracy
(O
o
o

VLM + 2D + 3D + Experts + Memory

points from spatial experts
+ 6-9 49.8% to 56.7%

EFE] NANYANG
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Memory gain over spatial

hierarchy
4.0
3.0
£
220
c 1.5
S
o I 09

Scene Agent Both

Both memories: 60.0%
Hierarchy alone: 56.7%
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Motivation: S-Agent 2.0

Why can correct 3D measurements still lead to a wrong answer?

Evidence can be misread or ignored Keep answers grounded in evidence

The paper’s analysis of SpatialClaw finds A general coding agent already provides the
failures even when the tools obtain correct ability to inspect outputs and revise them.
geometric evidence. Equip it with a spatial perception interface.
An agent may reverse a reference frame, Store evidence in scene memory, ground
discard a useful reading, or rely on visual the model's observations in that scene,
intuition when forming its final answer. and return interpreted spatial readings.

Spatial Reasoning with a General Coding Agent
Manuscript under review at ICLR 2027



Key Idea: A General Agent with Spatial Grounding
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A general coding agent uses scene memory and explicitly interpreted measurements.

Input / Output

B Task input

01 Single image

In this image,

‘ is the lamp left
or right of
the bed?

02 Multiple images

task

View 2
When lying in bed, which
direction is the parking lot?

03 Video

Which candidate is closest
to the desk?

Cutting board - Pitcher
Laundry basket - Cap

B Task output

Agent Layer

® Instruction

Toolkit tutorial

segment --prompt "bed@fe"
Segments the bed in frame 0.
segment --prompt "bed"

Segments the bed across all frames.

Workflow guidance

1 Decide required evidence £
2 Acquire it through the toolkit

3 Check toolkit output

Perception CLI

4 Answer from acquired readings

I guide

_ (of W [IIE:TS [Ty | Sl @ Codex 3 Claude Code ;3 OpenHands I

PLAN

—" Required evidence £

T recheck

£ Evidence check

$ view frame2.png

Spatial readout

—Pp

';' -—
01 Single image [ — | » basket 240 m
answer :

Leftofthe bed © jy  Z0over pitcher 322 m
02 Multiple images — T inspect

Totheright A& Fil

lles

03 Video @

i

Laundry basket

Inputimages I - Perception output m

CLI execution

Use perception tools

$ recon --images \
frame_{®..18}.png
% segment --prompt door

Ground VLM perception

% add_instance \
--name imagined_observer \
--at-map f28:650,348

$ drop --instance chair

Readout spatial relations

$ distance --a sofa --b tv

Distance between sofa and tv

240m

calls

results
—

o

8 Persistent scene state

Scene geometry

Imagined ob
Fused point cloud P magined observer desk |
Named instances AQ . #4,® pitcher_1
[ desk ]\ basket 1 \[ pitcher 1 ] camera 1 /é s 2 .'.’, basket_1

(‘camera_1 ] camera_2 | Imagined observer e

updatet l query

Perception toolkit 7~

Tool perception T

tool . l I’ I
L P

$ segment
$ recon

Model perception T

model
Add table corner

Drop office chair

b, _ 4 _ EeE.
ey -« | P¥ad

$ add_instance
$ drop

Readout functions R

$ side - e e ¥
$ distance ‘h.y £ A IR
$ compass £ AT .
$ bev 240m s

l run models

@ Perception models

3D reconstruction

ﬁ"‘ ‘1:_5 &

Object segmentation

e Gy

Gravity estimation

mor

General coding agent

The agent calls perception through
its shell and inspects the resulting
files.

Shared scene memory

Model and tool perception update
one named 3D scene that persists
across steps.

Interpreted measurements

Readouts pair values and units with
spatial conclusions in an explicit
reference frame.
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Demo: S-Agent 2.0

THE AGENT @ MULTI-VIEW SPATIAL REASONING

Reasoning loop When lying in bed, where is the parking lot relative to you?

Understand the question
What must be answered? SOCRISRINE TARREIS INSPECT
+ Locate the parking lot, bed and headboard.
Plan the evidence » Spatial CLI ption.py Object evidence 3 named instances

Targets - viewpoint - relation =

v

i O Build the scene

]

1 Bind the ref

g 9i8n eree_rence $ segment —image frame_0.png \

1 G Query the evidence .

! | e/ ——frame-index 0 \

1 —-—prompt "parking lot"

L \ 4 prompt "p 9

=2 Compose tool calls

3 .

:; Bind names, position and facing $ segment ——image frame_l.png \

€ I ——frame-index 1 \

i + —prompt "bed" —prompt "headboard"
Execute perception

Measure against scene memory

\
v - 3 named objects stored

{ Inspect evidence f0:0 parking lot f0 Parking lot f1 Bed + headboard

P ———

Is the evidence sufficient? f1:0 bed f1:1 headboard

—_—

parking lot bed headboard

T

‘ ready

Image masks bind the object names to visual evidence.

PERSISTENT SCENE STATE

@ parking lot - bed - headboard 3 objects

Recorded CLI outputs - presentation-paced replay 00:05 / 00:10

Click to play full screen (15 s)
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Results: Consistent Gains Across Five Benchmarks

Identical Qwen3.8-27B backbone

88.3
100.0
(+5.1) 82.3
83.2 72.4 (+7.8)
66.5 755
80.0 (+39) 702 (+2.2) :
62.6 : 63.0 56.4 59.5
(+3.3) ‘
o 600 53.1
5 483
[92)]
40.0 37.9
20,0
0.0
MMS| MindCube SPAR MMSI-Video ReVS|
S-Agent M SpatialClaw M S-Agent 2.0
5 / 5 benchmarks improve over SpatialClaw
Parentheses show the gain in score points
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Further Examples: Agentic Scene Generation

Object-level scene generation at apartment scale

Apartment A: 3D build process Apartment B: Continuous scene tour

| |

5000+ editable scene objects 500+  editable scene objects
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Be Actionable

How to Interact with
the Physical World
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Be Actionable: Xperience-0

Xperience-0: Scaling Loco-Manipulation World Models across Embodiments with Human Experience

Tianqi Liu, Hanfei Zhao, Qifeng Liang, Hui En Pang, Jiarui Xu, Sayang Mu, Penghao Qiu, YingSheng Zhang,

Jun Wang, Ziang Cao, Mingze Sun, Yukang Cao, Fangzhou Hong, Zhaoxi Chen, Ziwei Liu
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Challenges

SINGAPORE INTELLIGENCE
Embodiment Heterogeneity - Loco-Manipulation Complexity - Scarce Multimodal Supervision
DreamDojo
frame + latent action video model robot video - per-embodiment latent actions

NVIDIA - 2026
Cosmos-3

frame + action projection shared backbone video - domain-specific projections
NVIDIA - 2026
AnyWorld
i, 2926 iti i manipulation-focused
OSCAR reference frame + pose-conditioned cross-embodiment P
WVIDIA L2026 pose / skeleton world model video applications

RynnWorld-Teleop
Alibaba DAMO - 2026

Xperience-0

.ge ny em iment- | + . . .
frame + camera + skeleton | === unified world model —) 2Ly Gl L s e + one interface fits all bodies

Ropedia - 2026 - OURS manip
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Xperience-0 - Overview

A cross-embodiment loco-manipulation world model learned from human experience

Cross-embodiment World model Cross-embodiment

Human data Robot data

Unified conditioning

Camera Skeleton
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Key Idea - Xperience Data

10,000 h human video + 3,000 h robot data, one unified annotation format.

hours d human vidco

. '
~ %
.
st

g? / i -‘3':
Human video Robot data
Camera trajectories - skeletons - captions - human-in-the-loopQC -  + Xp-Teleop long-horizon benchmark
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Key Idea - Unified Representation

Camera poses + projected skeletons -

one |nterface for a” em bochments Xp-TeIeop - RGB-D - 29-DOF joints - tactile - dense captions

— Camera -> walking / viewpoint
— Skeleton -> hands / manipulation

— Humans, grippers, dexterous hands

—-\r'—“ﬁw-«*’ e «—Jc o~
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Key Idea - Unified World Model

Camera poses + projected skeletons — a video world model; one interface for every embodiment

Cross-embodiment kinematics Loco-manipulation conditioning Unified world modeling

Text prompt

“The robot turns to the white table; its right
hand reaches for and lifts the clear bottle.”

}

Text encoder

Robot embodiments Camera trajectory Input 1mage I,

Q\/tf‘\/\g/\l-q
mu.mm =l

Franka Panda AgiBot Fourier GR1

t=1 t t="T
‘ Pliicker-ray map patchify

Gl +Inspire  Unitree HI  G1 + Dex3 R

Human Forward kianatics 'I 'I —I —L, DiT block x N
OO *Peam}—1_1©

joint states 5 + Self-attention
_ <
q,= [qli,._, q,] Sk(;[leton map L OR § _DDD s Pyl ) | l
Egocentric video L W | DR sy | pesseses
¢ v FK ™ N “ T \]/// ~ — > L:CJ S e p“nsl @_ Text cross-attn ~ «—
& - ) ) 4 % L] ] I [ IR 2onsnPammefennnt e
! \ { / \ : > | Pixel- ahgned latents  Gyrist l
3D keypoints, . . [ e ) ’
' Wrist pose (optional) ! - Wide-FOV cross-attn |
MANO nLhS | N QH_.a.lilg‘l‘lgd conditioning E (TR e e ;
v v R N O N P I | |
Embodiment-native kinematics : keys / values Feed-forward
- ) I
- = Keypoints Wide-FOV (optional) 1.5% view i
Project & I
render W/\Wl \ W | | K

VAE decoder

— § 7 "N\ o
camera P AR > 1 it & 3 ﬁ
\\ / t» / ‘\ Pt %

K [R|d] dashed box = original FOV

— camera — kinematic --- optional
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Human Video Pre-training

Learning Locomotion and Manipulation Dynamics from 10K Hours of Egocentric Human Videos

Results are generated by our model across diverse unseen scenes.



From Human Experience to Multi-Embodiment Robots  FZ e | s-La8

One Model, Multiple Embodiments

DECO50

Fourier AgiBotWorld

HumanPlus

Zero-shot generation on held-out clips across diverse robot embodiments.
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Long-Horizon Rollout

Continuous autoregressive generation with locomotion and manipulation (30 s rollouts)

Fridge Interaction Garbage Collection Fruit Arrangement Bed Tidying

Closet Arrangement

‘‘‘‘‘‘‘‘




Comparison with State-of-the-Art Methods

Ground truth

Ground truth

Ours (14B)

™ Ours A14B (zero-shot) 20.0 dB

Ours A14B (zero-shot) 15.5 dB

Cosmos3-Nano (16B)

Cosmos3-Nano (zero-shot) 16.7 dB

Cosmos3-Nano (zero-shot) 16.4 dB

Cosmos3-Nano (zero-shot) 14.1 dB

0
57 o

Cosmos3-Super (64B)

DORE
e
A
", 3
(A0
s 3
o

d Cosmos3-Super (zero-shot) 15.7 dB

NY.
TECHNOLOGICAL S-LAB
UNIVERSITY | For apvancen
SINGAPORE INTELLIGENCE

DreamDojo (14B)

DreamDojo-14B (zero-shot) 14.1 dB

51
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Experiment Results - Benchmarks

Xperience-0 (A14B) and (5B) achieve first- and second-best performance across many different
benchmarks.

w-HOME
h PSNR

Xp-Teleop
LPIPS

DreamDojo (14B)
Cosmos3-Nano (16B)
Cosmos3-Super (64B)
Xperience-0 (5B)
Xperience-0 (A14B)

[

w-HOME
LPIPS

p-Teleop
PSNR

Yo
LPIPS

full-data; each axis normalized so the leader = 1.0 (LPIPS inverted: lower is better)



Scaling with human experience

More human video ->
+ HUMAN VIDEO - evaluated on human tasks

. Camera following
a better world model, every metric. 254  lower = better
224
. 2.21
— Camera, hand, robot, real-robot all improve 21-
2.0 -
1.9 - @
1.91
N \1;;‘\.
1.79
174 : '
1k 3k 10k
ATE (cm)

o ROBOT - evaluated on robot & real-robot tasks

Robot prediction
22.0 - 21.74
214 L
215 - ./
21.01/
21.0 - ®
205 -
500 -19.81
®
195 - T higher = better
1k 3k 10k
GR-1 PSNR (dB)

NANYANG

More human-video pre-training -> better world model
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Hand following
84.0 -
83.6
83.5 - .
. /

83.0 -

sz.yo
L)

T higher = better

1k 3k 10k

PCK@0.1 (%)
Real-robot

0.44 1 |l lower = better

°
0.42 -0.427
0.40 -

®
038 - 0.388\
@
0_374\.

036 7 0.365

1k 3* 10k

Unitree G1 LPIPS

pre-training human hours (log scale)



Downstream results

(a) Simulation evaluation

100 -
r=0.984
= [ ]
R
@
@ e
g 50 -
o
v
w
L
[ ]
o
0 = T
0 50

Predicted

1
100

100 -

50 -

(b) Real-robot evaluation

r=0.996
[ ]
L ]
[ ]
50
Predicted

1
100

(c) Simulation planning

+7
100 PP
92%
85%
5%
58%
53%
50 -
30%
0- - 1 1 1 1 1 1
1 2 3 4 5 Rand Plan

Policy / selection

50

ofed NANYANG
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(d) Real-robot planning
+10 pp
55%
45%
27% 26%
1 2 3 Rand Plan

Policy / selection

Policy evaluation matches reality (r = 0.984 / 0.996) - planning 92% vs 53% (sim), 55% vs 26% (real)

Policy rankings agree closely with real outcomes in the tested settings.
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Real-Time Interactive Control

External recording of the operator; the display shows the ego view.

01 Robot-hand interaction 02 Human-hand interaction

Object grasping and movement Viewpoint changes and tabletop object
with robot hands in the displayed ego view. interaction in the displayed ego view.
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Real-Robot Demo

Ego: robot view  Exo: external view  Task: pick up the object and place it in the container

01 Octopus toy / Ego 01 Octopus toy / Exo 03 Snack bag / Ego

02 Plush toy / Ego 02 Plush toy / Exo 04 Orange / Ego

y - e
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Real-Robot Demo

Each video pairs an external view (Exo, left) with the robot view (Ego, right).

EXO

01 Tabletop wiping and
collection

Walk over to the table, pick up
the cloth, wipe the tabletop,
then place it in the basket.

02 Bedside collection

Pick up the cloth
from the bed and
place it in the bag.
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Be Physical
How to Model Physical Properties

Be Actionable

How to Interact with
the Physical World

Be Agentic

How to Understand
the Physical World

Unified \Ib\__l_g[_[d_}Modelning

H
Multimodal Generative Models
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Thank You

Ziwei Liu X|F 4%

Nanyang Technological University
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