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Embodied Al

The embodiment hypothesis is the idea that intelligence emerges in the interaction
of an agent with an environment and as a result of sensorimotor activity

Smith & Gasser, The Development of Embodied Cognition: Six Lessons from Babies, 2005
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Boston Dynamics, Atlas | Partners in Parkour, 2022 Damen etal., Scaling Egocentr/c Vision: The Epic-Kitchens
https://www.youtube.com/watch?v=tFADML7FIWk Dataset, 2018



https://www.youtube.com/watch?v=tF4DML7FIWk




Moravec’s Paradox

It’'s comparatively easy to make computers exhibit adult level performance on
intelligence tests or playing checkers, and difficult or impossible to give them sKkills
of a one-year-old when it comes to perception and mobility.

Hans Moravec, Mind Children, Harvard University Press 1988
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UniTree Kungfu Kid 6.0, UniTree 2025 Walk, Run, Crawl, RL Fun, Boston Dynamics 2024
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Collecting Data and Training Robot
in the Real World is Expensive

“
'./ec; 1A ROBOTICS

Damage the Low-cost hardware emerging
environment and objects but still low efficiency




Goal of Environment Creation

» High-quality appearance understanding for
grounding and reasoning

» Fine-grained geometry understanding for
simulation and physics

» Solid dynamics understanding for interaction

and planning



Digital Cousin Creation
MetaScenes (CVPR’25)

Dynamic Reconstruction
ArtGS (ICLR’25)

3D Scene Generation
SceneWeaver (NeurlPS’25)



ICLR

International Conference On
Learning Representations

b

4D Gaussians for Dynamic Reconstruction

» (ICLR’25) Building Interactable Replicas of Complex Articulated
Objects via Gaussian Splatting

» (ArXiv’25) VideoArtGS: Building Digital Twins of Articulated
Objects from Monocular Video



https://articulate-gs.github.io/
https://videoartgs.github.io/

Static 3D Scene Reconstruction
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Learn 3D by projecting to multiple views as supervision



Manipulation Involves Dynamic Objects

Articulated Scan

o “ S In reality, we deal with
LT dynamic, articulated
objects whose geometry
and shape change
during interaction,
making them difficult to
reconstruct




Image Supervision is Ambiguous for Articulation Learning

Key Challenge: The observed pixel motion results from four entangled factors:

Camera Object
trajectory Geometry
Part Articulation
Segmentation Dynamics




Camera, Depth, Tracks Estimation

Video Frames Depth & Pose 3D Tracks
v
D, D, %0 Sample xt
\




Geometry Reconstruction & Articulation Learning

Video Frames Depth & Pose 3D Tracks

Prismatic Revolute

gC

—

Articulation-based
Canonical Gaussians Deformation Deformed Gaussians



Real-world Experiments

Ly t i

Recon

Microwave Coffee Machine

Frames

Results
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Limitations & Takeaways

» Difficult to

+* Feed-forward reconstruction
+* Active camera trajectory selection

> for simulation . |
% Physical priors (e.g. plane) during ArtGS: Building Interactable Replica
reconstruction of Complex Articulated Objects
*» Existing assets and generative : : :
models as guidance for via Gaussian Splatting

reconstruction
*»» System vs. Model?



CVPR @Wa

Digital Cousin Creation with 3D AIGC

» (CVPR’25) MetaScenes: Towards Automated Replica Creation
for Real-World 3D Scans

MetaScenes



https://meta-scenes.github.io/

Leveraging AIGC & Online Assets for Digital Twin Creation

T  Collection ~ s —

Multiview Images Annotation Interface Physical optimization

Color: Brown
Texture: Wooden
Shape: Strip
Rigid body
Mass: 5.0 kg

Texture optimization







Limitations & Takeaways

» Unstable generation quality
** Physical-based post-optimization

7

+* Better 3D generative models (e.g.
SAM3D) \

» Sequential error in the pipeline

+* Better orchestration of tools

¢ Iterative refinement of the
generated results?
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Agentic Tool-Use for 3D Scene Generation

» (NeurlPS’25) SceneWeaver: All-in-One 3D synthesi with an Extensible
and Self-Reflective Agent ( )

SceneWeaver



https://scene-weaver.github.io/

Final Scene

Tool #1: ACDC
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Adapting to Your Specific Scene

>

>
>

Rolling out “almost” successful trajectories
but hard to improve

Can only afford few-shot demonstrations

Sensitive to capturing modalities and
viewpoints

Training Generalist Policies
» Leveraging large-scale pre-trained VLMs
» Pre-trained with large-scale data

» Still limited generalizability on tasks and
embodiments




Goal of Reasoning and Planning

» Capable of finishing diverse tasks according to
instructions

» Enable spatial understanding for existing VLMs
for better backbones

» Efficient representation for effective learning

from high-cost data



Open-Vocabulary Planning
COME-Robot (ICRA’25)

World Model for VLA
GWM (ICCV’25)

Embodied General Agent
LEO (ICML’24)



C

Open-Vocabulary Mobile Manipulation

» (ICRA’25) Closed-Loop Open-Vocabulary Mobile
Manipulation with GPT-4V

Come-Robot



https://come-robot.github.io/
https://come-robot.github.io/
https://come-robot.github.io/

LLM-based Closed-Loop Open-Vocabulary Manipulation

> Active Perception

| find two tables. | will
the first table to start a
cups and plate.

| am thirsty. Put a cup into the
plate, | will pour water into it.

| need to perform a
to identify the table.

I

The image shows that
is not empty and is
‘ ty > for the task.

The table contains two cups. | will
both cups to confirm which
is suitable.

I
> Recover From Failure

/ This image shows the
The image shows the cup is not in the @8 ; ! cup robot's gripper. | will
robot's gripper. | will attemptto r the cup into the plate.
_again.

Zhi etal., Closed-Loop Open-Vocabulary Mobile Manipulation with GPT-4V, ICRA 2025



@ | am hungry. Could you give me some food? And pass me a cup of juice.

Perception




Problem?
No learning, just inference



o ICML

International Conference
On Machine Learning

Improving Spatial Understanding for VLAs

»> (ICML’24) LEO: An Embodied Generalist Agent in 3D World

» (ArXiv’25) LEO-VL.: Efficient Scene Representation for Scalable 3D
Vision-Language Learning



https://embodied-generalist.github.io/
https://leo-vl.github.io/
https://leo-vl.github.io/
https://leo-vl.github.io/

Vision-Language-Action Models




Can 2D MLLMs Understand 3D Scenes?

VSI-Bench (CVPR 2025)
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She

s o PR
2 < o> 3
= - 4

Object Count

How many chairs are there in this room?
Answer: 4

Relative Distance

Measuring from the closest point of each object, which of these
objects (refrigerator, sofa, ceiling light, cutting board) is
the closest to the printer?

D. cutting board

Appearance Order

What will be the first-time appearance order of the following
categories in the video: basket, printer, refrigerator, kettle?

D. basket, refrigeratok, kettle, printer

Relative Direction

If I am standing by the refrigerator and facing the sofa,
is the kettle to my left, right, or back?

C. back

OO

oo

| dg

rm
:‘.F
——

Video Starting Position
3 ﬁ Camera Trajectory
, Video Ending Position

@  Camera Perspective

Object Size

What is the length of the longest dimension (length, width, or
height) of the refrigerator in centimeters?

Answer: 119

Absolute Distance

Measuring from the closest point of each object, what is the
distance between the bed and the sofa in meters?

Answer: 3.2

Room Size

What is the size of this room (in square meters)? If multiple
rooms are shown, estimate the size of the combined space.

Answer: 57.6

Route Plan

You are a robot beginning at the toilet and facing the washer.
Navigate to the pan. Fill in this route: 1. Go forward until

the washing machine 2. [?] 3. Go forward until the sofa 4. [?]
5. Go forward until the pan.

Turn Left eft

D. Turn Right, Turn Right

Appearance
Order

S0.0

Route 750
Plan

50.0

Relative
Direction

Human-Level
Gemini-1.5 Pro
GPT-40

Object
Count

Absolute
Distance

56.25

5525 Object
Size

50.0

L
=
=]
Lh

Room
Size

Relative
Distance

LLaVA-NeXT-Video-72B
LLaVA-OneVision-72B
InternVL2-40B

Despite powerful understanding of images and videos, current 2D MLLMs significantly

lag far behind humans in

, especially




Real Deployment?

Q

Depth is a problem, but normally not equipped and used by VLAs



Vision-Language-Action Models




An Embodied Generalist Agent in 3D World

Jiangyong Huang'?*, Silong Yong'3*, Xiaojian Ma'*, Xiongkun Linghu'*, Puhao Li"#,
Yan Wang', Qing Li', Song-Chun Zhu'24, Baoxiong Jia', Siyuan Huang' o

(]
'Beijing Institute for General Artificial Intelligence (BIGAI)

2Peking University 3Carnegie Mellon University 4Tsinghua University
https://embodied-generalist.github.io/

/& Embodied Generalist Agent
\ %

b3

-
Capabilities: Perception, Grounding, Reasoning, Planning, Acting

P Tasks
Z -9\
=3 4 3D Object Captioning 3D Question Answering 3D Dialogue = Embodied Navigation
=\ Scene Captioning Embodied Reasoning Task Planning Robotic Manipulation
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Efficient Representation Bridging 2D-3D Perception

Pros Cons

: . . Complex pre-processing
3D perception Explicit 3D structure pipelines, learning difficulty

: - Significant computation
2D perception Strong capability ov%rhead (thouspands of tokens)

CFG tokens: 32'66%_ Voxel tokens:

Median = 417 ~ COMPression  pegian = 1297 | BB - !

Mean = 465 Preservation Mean = 1418 i embedding

STD =282 98.78% STD =736

g 2D position
| embedding

0
)
c
® 150
v
RN
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Condensed feature grid LOOO tOkO (!,,:;,1’
anguage tokens ,
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A Closer Look at VLA Model Design

Architecture

®-
Sensorimotor 8 — @

Data Modality

Vision e
Language

Action @
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Learning Paradigm

Supervised
Learning

ER

Self-Supervised

Learning @

Reinforcement

Learning

) B\

=

7

Vision-Language-Action Models for Robotics (IEEE Access 2025)




World Models

NANR" :

“If the organism carries a small-scale model of

external 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

' ' Critic: I, W) arise, utilize the knowledge of past events in
Intrinsic dealing with the present and future.”

: Bl — Kenneth Craik (1943)

Figure credit: JEPA Blog, Meta 2022


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

"
Model-based RL
- s 24 ™ pr—
Representation learning for long-horizon tasks - Flexible conditional generation
Under game setting N "c‘Onsmtency/modelmg of action
\\\\\\\\\\\\\\\\\\\\ e, 4 e
Dreamer4 Google DeepMind 2025 Ve031 Google Deepmind 2025

Latent Aétion L'earning Spatial Representations

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

\
DreamGen, NVIDIA GEAR 2025 Marble, WorldLabs 2026



Scalable World Modeling with 3D Gaussians

» (ICCV’25) GWM: Towards Scalable Gaussian World Modeling
for Robotic Manipulation



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

Encoding 3D Gaussians into Latent Space

N

\ 4
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Pos.

Opnonal
Feed-Forward 3D FPS-based Subsampling Rendering / Geometry

Gaussian Reconstruction Query-based Encoding Supervision



GWWM: Gaussian World Vodel
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Current RGB Image(s)

Future
Rollouts with
3D GS

Gaussian
World

Human Policy

Policy Network Conditioning

. —
Random Policy

Offline Imitation Learning Online Model-based RL Policy Action-conditioned
Network (3D) Video Prediction
Polic cVi Rollout
Y Buffer 1T — GWM |—

Network

Value RGB

Network Image )
Environ. Action Trajectory {a;}

Future GS




Success Rate (%)

100

80

60

40

20

GWM for Online Model-based RL

Button Press Plate Slide
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Additional reward learning on top of GWM for online RL




GWM for Real-World Robot Manipulation

c
O
z
=
o

DP w/
GWM

Comparsion

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




Figure generated by Nano Banana Pro



Can Humanoids Interact at This Level?

Humans effortlessly squat to retrieve objects from the ground
and then walk to another distant place.

Enable holistic and long-horizon humanoid-scene interaction



Whole-body demonstrations is significantly limited

GPT/Qwen

1.2B Hours

LLYs

10k Hours






Goal of Action and Control

» Enable agile and stable whole-body control for
humanoid robots

» Mitigate the missing force modality for contact-
rich manipulation tasks

» Safe and helpful human-robot collaboration

patterns



Teleoperation / Tracking
CLONE (CoRL’25)

Force-Aware Manipulation
UniFP (CoRL’25)

Human-Robot Interaction
COLA (ArXiv’25)



Agile Humanoid Whole-Body Teleoperation

» (CoRL’25) CLONE: Closed-Loop Whole-Body Humanoid
Teleoperation for Long-Horizon Tasks



https://humanoid-clone.github.io/

Driving a Physical Humanoid with Human Motion

Optimization-based
Retargeting

Subjecto to

Humanoid
Controller

¢ Interaction mesh
¢ End effector constraint
¢ Foot slip penalty
¢ Joint range constraint

MLP
MoE
Transformer
PID
MPC

Robot Motion

LAFAN
Motion Retargeting W Controller Wp Robot Execution

Human Motion



CLONE: Humanoid Whole-Body Teleoperation

-

\_

Learning a teacher policy
with privileged information
for human motion tracking

~N

J

r

Distilling a MoE-based
student policy with

Behavi loni D
L ehavior Cloning ( agger))

~N

Li etal., CLONE:Closed-Loop Whole-Body Humanoid Teleoperation for Long-Horizon Task, CoRL 2025
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'@' OK, can we let the robot help us wipe the whiteboard first after meeting?

Let me collect the data and imitation learning will solve the rest ©

Data collectionis a disaster



l@ OK, can we let the robot help us wipe the whiteboard first after meeting?

Let me collect the data and imitation learning will solve the rest ©

Of course, the learned policy failed no matter how much data used ®



Unified Force-Position Control Policy

» (CoRL’25 Best Paper) Learning a Unified Policy for Position
and Force Control in Legged Loco-Manipulation



https://unified-force.github.io/

Revisiting the control formulation

mass-spring-damper system

F = K(x — [x™9) + D(x ~«™9) + M(% —x

X =Xcmd+£
K

And if the end effector moves really slowly...



Revisiting the control formulation
mass-spring-damper system
F=K(x — x™9) 4+ D(3 —%M4) + M(§ —%Md)

X =Xcmd+£
K

Force can be estimated via position offsets!
Tracking the force-adjusted position enables joint force-position control.



Formulating forces with positions

F = K(x — xcmd)

Position control

xtarget — ycmd




Formulating forces with positions

F = K(x — xcmd)

k\%s

S target

7 Nlee

- , ext target
F Xee 7

When with external force




Formulating forces with positions

Impedance control  ytarget — ycmd 4 _

vvvvvv

g 1
J

L)\

( % 4
A LA

;ceaerget :E_/; ' ﬂ J_/i
4 \ ‘
g



Revisiting the control formulation
mass-spring-damper system

F = K(x =x“M9) 4+ D(x — xMm4) + M(§ —%Md)

And if we care about the locomotion



Revisiting the control formulation
mass-spring-damper system
F = K(x =x“M9) 4+ D(x — xMm4) + M(§ —%Md)

§ = gemd 4 =

D

Force-adjusted velocity enables compliant locomotion



Formulating forces with velocities

F=D(x — x™md)

. . Fext
Compliant locomotion gtarget — gcmd 4 _
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K'P via RL with force-position sampling in simulator

Fext + chd
Action ytarget — .cmd
K
Position Cmd Q-» 50H ’O‘ ’O‘
Force Cme—> Encoder — Actor O <= O
O track O
‘ — —
) )
Last Action Q Q
Base State . R -~ MSE ﬁ
Joint State Estimator 1O Loss O
History O O
— —/
Proprioception Estimated Force External Force

Simulator

Force Cmd
External Force




UniKP for force-aware real-world imitation learning

: 2H R :
Estimated Force(() ‘ Realsense N (;’V'relelsls
Position Camera : otro Ell :
. . . . —-> C d - . . , %
ProprloceptlonO Diffusion m | ol
| Policy N Force
Cmd

 Data collection with estimated forces

* Imitation learning with position and
force command targets

 Inference with UniFP




UniKP for force-aware real-world imitation learning

g AN
a"‘l )\‘. \\
/ 1mne
RS

{ \ .%5 ;

Tested on 4 tasks with each task taking 50 demonstrations



K'P for force-aware real-world imitation learning

Table A.3: Imitation learning results (S0 trials per task)

Task wipe-blackboard open-cabinet close-cabinet open-drawer-occlusion

w/o Force 0.22 0.36 0.30 0.30
w/ Force 0.58 0.70 0.72 0.76

Base Camera View

Achieves ~39.5% higher success rate than the vanilla DP policy






So how is this important...

.
‘ "&‘Ey ,. -

il 7 N (

Compliant Holding

The composition of these behaviors works for human-robot collaboration






COLA for collaborative object carrying

External Forces

vlm’ vang, hroot

GT Commands

vel root

qP%°, q , g, a

Proprloception oloco

prev

~lin pang

4 D, T

Privileged Observations

Collaboration
Student Policy
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Speed Tracking, 1.0x Speed



Summary & Takeaways

» Data scaling and unification as the main obstacle of EAI
+» Different embodiments, low-cost hardwares
+* Real2Sim2Real, synthetic augmentation, world models etc.



Summary & Takeaways

» General reasoning and acting capabilities for robot tasks

*»» Aligning MLLMs for planning and interaction, efficient representations
** Injecting spatial understanding capabilities for VLA models



Summary & Takeaways

» Agile and safe robot control for human-robot interaction
** Recover the missing force modality for compliance policies
+* Safe control behaviors over VLA for human-robot interaction



Thank you
Q&A
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