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VLA for Embodied Robots
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Kawaharazukaet al., VisionLanguageAction Models for Robotics: A Review Towards ReWorld Applications, IEEE Access 2025




World Models

Al f t he or ga mwmalimcale aadel iofesternal
reality and of its own possible actions within its head, it

is able to try out various alternatives, conclude which

IS the best of them, react to future situations before

they arise, utilise the knowledge of past events in

dealing with the present and future . 0
0 Kenneth Craik (1943)

‘gL

U Integration of perception and action
x The model must encode states and possible actions

U Prediction, reasoning and planning

x  The model functions as an internal simulator for
anticipating outcomes and guiding decisions

U Efficient representation and generalization

X Retains essential structures to predict the future and
generalize past experience

Figure credit: JEPA BlogMeta 2022


https://ai.meta.com/blog/yann-lecun-advances-in-ai-research/

Model -based RL

Representation learning for long -horizon tasks

Dreamer 4, Google DeepMind 2025




Model -based RL Video Generation

Representation learning for long -horizon tasks Flexible conditional generation

Veo 3.1, Google Deepmind 202
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Model -based RL Video Generation

Representation learning for long -horizon tasks Flexible conditional generation
Under game setting wWeaksphysical consistency / modeling of action

Step 1. Finetune Video World Model Step 2. Rollout Video World Model

Latent' ACtion’Ledrning

Aligning video generation with latent actions
Limited by the view point

Pseudo-labeled neural trajectories

DreamGen, NVIDIA GEAR 207
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Representation learning for long -horizon tasks -Flexible cor eneratlo.n

Under game setting & A _T SIS ency modellng of action _
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Latent Attioh"E&4rhing Spatial Representations

Aligning video generation with latent actions World modeling with 3D Gaussians
Limited by the view -point Interactiveness for robot manipulation?

Marble. WorldLabs ZM



3D World Models?

.

Because of depth estimation challenge, tele -op must follow protocols



3D World Models?

B Dreamerv3
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Viewpoint Viewpoint Novelty

3D helps policy learning , but requires

Peri et al., Point Cloud Models Improve Visual Robustness in Robotic Learngtf€RA 2024



A Naive ldea: Use Feed-Forward 3D Gaussians as a
Flexible and Efficient Representation

3

Guanxing Lu* Baoxi ong Puhaoli* Yixin Chen Ziwei Wang Yansong BT aSigyuan H
J i+ B

GWM: Towards Scalable Gaussian World Model for
Robotic Manipulation

https://gaussian-world-model.qgithub.io



https://gaussian-world-model.github.io/
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Encoding 3D Gaussians into Latent Space
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Feed-Forward 3D FPSbased Subsampling Rendering / Geometry
Gaussian Reconstruction Query-based Encoding Supervision




GWM: Gaussian World Model
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Current RGB Image(s)
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PnP PnP PnP PnP PnP PnP
CabToCounter CounterToCab CounterToMicrowave CounterToSink CounterToStove MicrowaveToCounter
Method H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000
BC-transformer 2 18 6 28 2 18 2 e 2 6 2 8
GWM 18 32 4 22 14 44 20 38 2 18 20 26
A +16 +14 +12 +26 +18 0 +12 +18 +18
PnP PnP Open Open Close Close
SinkToCounter StoveToCounter SingleDoor DoubleDoor DoubleDoor SingleDoor
H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000
BC-transformer 8 42 6 28 46 50 28 438 28 46 56 94
GWM 22 38 18 44 58 62 28 42 50 58 54 90
A +14 +12 +16 +12 +12 0 +22 +12
Open Close TurnOn TurnOff TurnOn TurnOff
Drawer Drawer Stove Stove SinkFaucet SinkFaucet
H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000
BC-transformer 42 74 80 96 32 46 4 24 38 34 50 72
GWM 56 90 80 90 46 80 22 40 52 48 n 66
A +14 +16 0 +14 +24 +18 +16 +14 +14
Turn CoffeePress TurnOn TurnOff CoffeeServe CoffeeSetup
SinkSpout Button Microwave Microwave Mug Mug
H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000 H-50 G-3000
BC-transformer 54 96 438 74 62 90 70 60 22 34 0 12
GWM 72 90 76 90 64 84 70 54 36 50 16 28
A +18 +28 +16 +2 0 +14 +16 +16 +16




f or Onl-baesee Mo kel

100 Button Press 100 Plate Slide 100 Hammer
= \/ideoGPT V\
80 e iVideoGPT (w/ PT) 80 80
60 = DrQ-v2 60
.00 MetaWorld Aggregated = GWM _
e \/id€OGPT 40 (EB)WM (w/VI;T) 40 Ay 7 ,
R * == DrQv2 20 /M,’WW 20 _ﬂa”
Q e GWM s o ! ' >
"r-D' 60 GWM (w/ PT) 0 0 2.5 5.0 7.5 . 0.0 2.5 5.0 7.5 10.0 . . . 7.5 10.0
oc DreamerV3 \r‘,""‘\ Steps (x10%) Steps (x10%) Steps (x10%)
2] TN
40 UJ lvl ' .
@ / d” 100 Door Lock 100 Handle Pull Side 100 Coffee Push
o )
@ 2 ‘AM 80 80 80
e _
. '_3‘ 60 60 60 '\f: NAY J
0 2 4 8 10 M
Steps (x104) 40 = 0 40 40
20 20 20
A ’
o BUN 0 o e
00 25 50 7.5 10.0 00 25 50 7.5 10.0 00 25 50 7.5 10.0
Steps (x10%) Steps (x10%) Steps (x10%)

Additional reward learning on top of GWM for online RL




GWM for Real -World Robot Manipulation

Diffusion
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FRANKA-PNP | Diffusion Policy | GWM (Ours)

Plate distractor 1/5 3/5

Cup distractor 6/10 7/10
Table distractor 0/5 3/5

Total 7/20 | 13/20




Takeaways
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Takeaways

U Better VLA modeling with world modeling

x Using the latent representation alone does not fully utilize the
predictive power of world models



Takeaways
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In reality, we deal with
dynamic, articulated

objects whose geometry
and shape change

during interaction,
making them difficult to
reconstruct




Efficient and Scalable Reconstruction of Articulated

Objects from Monocular Video

Yu Liu Baoxi olg RuielLu Chuyue Gan Huayu Chen J unf Hin gSong-Chun Zhu Si yuart
Hu a Iy

VideoArtGS : Building Digital Twins of
Articulated Objects from Monocular Video

https.//articulate-gs.qgithub.io

ariv


https://articulate-gs.github.io/
https://articulate-gs.github.io/
https://articulate-gs.github.io/
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Key Challenge: The observed pixel motion results from four entangled factors:

Camer a
trajyect or

Obj ect
Geometr

Articulation
Dynamics

Part
Segmentation




Provide motion prior from pre-trained tracking models

Key Insights: Anal nwope3Dyt r adlpsr ovi dleusnti ti abhndat
opti mi saginam s

Noise

m—— Static
Translation
Rotation

Filtering noise and estimate articulation parameters
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Video Frames
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Camera, Depth, Tracks Estimation

Video Frames Depth & Pose




CamemDaptlTh,acEksst i mat i on

Video Frames Depth & Pose 3D Tracks
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Motion Analysis & Deformation Field Initialization

Video Frames Depth & Pose 3D Tracks

Motion

Analysis

‘:‘~.

Prismatic



Motion Analysis & Deformation Field Initialization

Video Frames Depth & Pose 3D Tracks

Prismatic Revolute




Motion Analysis & Deformation Field Initialization

Video Frames Depth & Pose 3D Tracks

Motion

Analysis .

Prismatic Revolute
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Depth & Pose 3D Tracks

Motion
3D Tracks

Analysis
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Prismatic Revolute /" 5% Origins, Directions "




Motion Analysis & Deformation Field Initialization

Video Frames Depth & Pose 3D Tracks

Motion

Analysis Clustering 3
L

Prismatic Revolute



GeomeRegonst r&uirttiiocnull @dan minn ¢

Video Frames Depth & Pose 3D Tracks

Motion Motion
3D Tracks

Analysis Clustering

Prismatic Revolute

Canonical Gaussians



Geometry Reconstruction & Articulation Learning

Video Frames Depth & Pose 3D Tracks

Clustering .
N Centers

Revolute - Origins, Directions g

Articulation-based
Deformation Deformed Gaussians

Canonical Gaussians



GeomeRegonst r&uirttiiocnull @dan minn ¢

Video Frames Depth & Pose 3D Tracks

Motion
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