le-Body Humanoid
an Demonstration

The University of Hong Kong

AAAAAA



Outline /A
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1. Background: Scaling Loco-Manipulation with Human Data
2. WholebodyVLA (ICLR 2026): Pre-training from Egocentric Human Videos

3. EgoHumanoid (RSS 2026): Human-Centric Whole-Body Data Collection
4. The Road to Whole-Body Intelligence



Impressive Skills Showcase for Humanoid

Excellent Performance, Limited Task Generalization

HuB:

Learning Extreme Humanoid Balance

hub-robot.github.io

‘arnegie
Mellon
University

Beyapd M{K\ic

From Motion Tracking to Ve Humanoid
Control via Guided'Di

. :
WATAO LIBO S, TaRErs Trenng s Xlaoyu Musng®, Guy Treaiios

amazon OmniRetarget, ICRA'26 [ Interaction ]

AAAAAA

Recovery



http://www.youtube.com/watch?v=tu7LSNYWDTs
http://www.youtube.com/watch?v=RS_MtKVIAzY
http://www.youtube.com/watch?v=mzXH4MEypsk
http://www.youtube.com/watch?v=5ZYFTfGHH8Q
http://www.youtube.com/watch?v=Yruh-3CFwE4
http://www.youtube.com/watch?v=JQAfxp-FB0I

Loco-manipulation systems need more generalizability /\

AAAAAA

Generalist, manipulation

Figure, loco-manipulation 7

e Afixed-base manipulator's task distribution is bounded by its reach.
e A humanoid robot can walk to any scene and manipulate any object.
e Loco-manipulation demands broader generalization because mobility exposes

the robot to a far wider distribution of environments, objects, and tasks.



Ego-centric Dataset

General Purpose

* Epic-Kitchens: egocentric cooking activities and actions

» HoloAssist: egocentric assistive tasks (AR/egocentric),

(55 hrs)
Ego4D: large-scale egocentric video (3.7k hrs)
Ego-Exo4D: paired egocentric + exocentric (2k hrs)

coarse hand pose annot. (166 hrs)

Manipulation-oriented (3D Hand Pose)

HOT3D: egocentric tasks with hand/object
annotations (Meta) (833 mins)

HOI4D: 4D hand-object interaction dataset (includes
egocentric views) (4k seq)

EgoDex: largest w/ dexterous annotation.

(829 hrs)

TACO: tool-use/action-centric dataset (2.5k seq)

/A

ARCHON

Dataset #Traj. #Tasks #Frames Lang. Annot. Cam. Ext. Dexterous Annot. Collection Method
RoboTurk [21] 2k 3 12M X X X teleoperation
RoboNet [9] 162k n/a 15M X X X scripted
BridgeData V2 [38] 60k 13 2M v X X teleop+scripted
DROID [16] 76k 86 19M v v X teleoperation
EgoMimic [15] 2k 3 0.4M X v X egocentric video
EPIC-KITCHENS [8] 40k 125 12M v X X egocentric video
HOMD [19] 4k 54 M X X v egocentric video
EgodD (HOI) [11] 89k n/a 2IM v X X egocentric video
EgoDex (ours) 338k 194 90M v v v egocentric video

EgoDex (https://arxiv.org/abs/2505.11709)

Dataset Type Prior Works # Hour # Trajectory # Skill # Scene
RT-1 Robot IRASim, UniSim 900 130k 8 2
BridgeData V2 Robot IRASim, UniSim, 130 60.1k 13 24
WorldGym, WMPE
Language-Table Robot IRASim, UniSim, 2.7k 442k
HMA
RoboNet Robot iVideoGPT, IRASim - 162k - 10
DROID Robot Ctrl-World, UWM 350 76k 86 564
AgiBot-World Robot EnerVerse-AC 2.9k 1,000k 87 106
Nymeria Human PEVA, EgoTwin, 300 1.2k - 50
EgoControl
In-lab Human - 55 13.9k 35 1
EgoDex Human - 829 30k 194 5
DreamDojo-HV Human - 43,827 1,135k 6,015" 1,135k
Our Mixture Human - 44,711 1,179k >6,015 >1,135k

DreamDojo (https://arxiv.org/abs/2602.06949)



Ego-centric Dataset

General Purpose

* Epic-Kitchens: egocentric cooking activities and actions
(55 hrs)

* Ego4D: large-scale egocentric video (3.7k hrs)

* Ego-Exo4D: paired egocentric + exocentric (2k hrs)

» HoloAssist: egocentric assistive tasks (AR/egocentric),
coarse hand pose ag

Manipulation-oriente

* HOT3D: egocentric
annotations (Meta) (833 mins)

* HOI4D: 4D hand-object interaction dataset (includes
egocentric views) (4k seq)

e EgoDex: largest w/ dexterous annotation.
(829 hrs)

* TACO: tool-use/action-centric dataset (2.5k seq)

No whole-body Pose !

DreamDojo (https://arxiv.org/abs/2602.06949)

AAAAAA



Richer supervision preserves more of the strategy

LEVEL 1
Ego video only

RGB + task context
LEARN

e Task semantics

e Visual intent

e Action structure

Action is inferred indirectly

LEVEL 2

Ego + EE pose

RGB + hand / wrist trajectory

LEARN

e Manipulation trajectory
¢ Hand-eye coordination
¢ Task-space action

Lower-body motion is compressed

LEVEL 3

EgoBody

|

AR

RGB + whole-body pose

LEARN

¢ Weight shift & stepping

¢ | eaning, kneeling, bracing
¢ Whole-body coordination

Highest capture burden—until now

More human motion preserved —

Data scale determines coverage. Body supervision determines what can be learned.

ARCHON



outine 4\

1. Background: Scaling Humanoid Loco-Manipulation

3. EgoHumanoid (RSS 2026): Human-Centric Whole-Body Data Collection
4. The Road to Whole-Body Intelligence



Action
Decoder

VLM

Image 1
Observation .

Pick the box,
turn to the cart
and place the box
on the cart.

Task
Instruction




Humanoid Pipeline using VLA: The Setup /-\

| AR |
Image ]
Observation “

Pick the box,
turn to the cart
and place the bo
on the cart.

Task
Instruction

High-level planner (VLM + action decoder): perception, planning —»

(" High-level planner N\

Action
Decoder

VLM

a;
az

an

s
S
S3
h

> aupper
Tomdoval) ¥
Low-level
~10HZ controller
Locomotion] e sbiz
B e[  Policy T~ “ower

N

\ ~ J

Low-level controller (RL policy): locomotion under command

ﬁ%” Robot state

Upper-body action
e Locomotion command

— o Lower-body action
10



Challenge - Data

Scarcity of loco-manipulation data
Agibot World
S e ﬂl@&#@l&ﬁ%ﬁ

B, 4 5 a2 e < i St R
¥ BEEEREECE . SPHEEP S Large-scale
| T g =T

data

%-.‘ -i

¥E S g P ammﬂﬁw

Tabletop manipulation

AAAAAA

Room-to-Room Room-Across-Room

Leave the bedlrocvm o ” t(th (coutt hS o‘cw alk F t th k h urn 1 ‘ the room
A ng t

th\f(W t th

Navigation on wheeled or quadruped platform

11



Challenge - Data JAN

Scarcity of loco-manipulation data

Agibot World Room-to-Room Room-Across-Room

S e L'JIEE"FMI&E'&E@

B, 4 5 a2 e < i St R
¥ BEEEREECE . SPHEEP S Large-scale
| T g =T

data

%-.‘ -i

¥ H? Leave the bedroom nter th L\t hen. w Ik
E h "i‘ yi " %mm& k}-w forward, and take \ ft t th COUL . St op F t th k h urn 1 t the room
m ‘ front of the wmdw:»w. ng t (h le H W t th.

Tabletop manipulation Navigation on wheeled or quadruped platform

Manipulation and navigation are **separate** tasks.

12



How to obtain loco-manip. knowledge?

Learn from human/action-free videos

Low-cost human data collection

miE < &”

Manipulation-Aware Locomotion

Locomotion:
Low-cost egocentric video - locomotion with manipulation task involved 13

AAAAAA



Method | Unified Latent Learning JAN

Low-cost human data collection . . Latent Action Model
Manipulation T G

mdn < &“ &

Locomotion

Codebook unifying manipulation
and locomotion

Latent Action Model (LAM) is pretrained, following
LA PA (https://arxiv.org/abs/2410.11758).

14



Method | Unified Latent Learning

AAAAAA

Unified latent learning

-~ O
e - 4,"-5" ~ o0 - D a1
nooe ’ . pu\a\‘ et a,
RN Tio W™ ma“ bl | D
Wy W f.:_;_? S
SN, B o=t . .
LAM Q\\Z-‘L;\: 'S / 4{3 latents D Action an Locomotion
S o2 4 e AN O pecoder 51 command RL
) z JY locomotion :' O R Polic
x ; V,‘\" 0O ;3 EEE &” y
O
VLM
Image \ Latent Action Model (LAM) with unified latent of
Observation both locomotion and manipulation provides
supervision for the VLM.
Task Pick the box, D D
= turn to the cart
Instruction and place the box
on the cart. Summary:

Action-free data - low cost
Fewer data due to LAM structure 15



Demo | WholeBodyVLA

Autonomous x 1

Extend to everyday task



https://docs.google.com/file/d/1hzJwEwL4piiPQh0g5n5G8_G6fN7it5fX/preview
https://docs.google.com/file/d/1gfpF48jLupgLFEcBG414KLwAiWrku412/preview
https://docs.google.com/file/d/18yQRL00vy48HezmcN14lhA2O23OGl8dG/preview
https://docs.google.com/file/d/1nuU4n2sinA5V3x7nrow03PJ7yPDdfuMu/preview
https://docs.google.com/file/d/1DIfnywkkNRzrkezVczbFxwIA6VrWF_ky/preview
https://docs.google.com/file/d/1k8ob9XFUbXvo4P7NrKo5DSdDB98ygw4V/preview

WholeBodyVLA A

AAAAAA

WHOLEBODYVLA: TOWARDS UNIFIED LATENT VLA
FOR WHOLE-BODY LOCO-MANIPULATION CONTROL

Haoran Jiang’:?>** Jin Chen'?>%** Qingwen Bu? Li Chen®? Modi Shi*?
Yanjie Zhang® Delong Li® Chuanzhe Suo® Chuang Wang® Zhihui Peng®’ Hongyang Li?"

1Fudan University 2OpenDriveLLab & MMLab at The University of Hong Kong 3AgiBot SII
*Equal contribution Project co-lead

17



Outline

1. Background: Scaling Humanoid Loco-Manipulation
2. WholebodyVLA (ICLR 2026): Pre-training from Egocentric Human Videos

4. The Road to Whole-Body Intelligence

nnnnnn
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EgoHumanoid | Human Robot Co-training

Human data with whole-body pose & Robot data

7~ In-the-Wild Human Data \ (\@T 7R W ( Constrained Robot Data )
~. ; J Action

G B Bound to Lab Environment

> View Z
O (] 7 = i
DA {5 @ ;” Allgnment\ﬁlxhgnmeﬂt )
Object Viewpoint Environment T v

O P _I.. o

&
Appearance Lighting — RNt
e 5 _r Whs
| iy L. VLA
R ¥in Co-Training )
~ 71 R J \7 _i ;
N4

Loco-Manipulation Deployment
@ Generalizing without Wild Robot Data

0 100 200 300
Human Data Scale /

@Z} Outdoor Home Supermark?

ARCHON
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Data Collection /A

ARCHON

Robot Data Collection
e ZED Camera

~1.3m * UniTree G1
‘e .
" j * Pico 4 Ultra
PICO 4 Ultra g =  Pico Controller * 2
Teleoperation ‘v’* { i | e
> A
28 3 5 H Data Collecti
it ) ) uman Data Collection
’s 4 o ZED Camera
Hand Grasp !Z‘ A ° PiCO 4 Ul.tra
o & §u 4 Y AN » Pico Motion Tracker * 5
Locomotion Command | *‘ ~~ Whole-body pose

20



Trash Disposal

Pillow Placement

AAAAAA

21



Data Collection | Diverse Human Data

Egocentric vision data

Egocentricvision data

Trash Disposal

Egocentricvision data

Pillow Placement

AAAAAA

22



Data Collection

z: forward

L. el
ool L
L.

| | y L Little
\ \/-'In(efmediate . Thumb / L y Dis::,
\Q L—‘ 4‘ '}, LL 'étem\ediat
\/,\/' Proximal <P'5ta' '31' ¢ LLEMWI
\EL" <‘Proximal }g' L.’"

y Metacarpal ‘y
M\ta:a'rpal £ Metacarpal

b
Wrist Wrist
Left hand Right hand
View from the back of hands
Palm is facing down
H 11:R_Foot .l l.Il):l_Ft)o
!
<~ Whole-body pose
1.
J

24 dof whole body pose 226 dof hand pose

23



Data Collection

1.6-1.8m

@ ZED X Mini

s, PICO Tracker

S H

> s Whole-body pose

z.runp./ \.1.me
s An S piane
oo {1 oo

24 dof whole body pose

AAAAAA

Ring

=]
@
8

\/
=3
=
[y

Ve
i
W é
\./' Proximal éoistan >f L
L \ram o prouma yy L (-

L
a

X/.memed.ate e
9 L

Wrist

Wrist
Left hand

Right hand
View from the back of hands
Palm is facing down

226 dof hand pose

[ Human & Robot Domain Gap: Visual Viewpoint & Action representation J 24




Pipeline Overview

® Human Demonstrations

Diverse Environments

® Robot Demonstrations

Laboratory Environments

—

(a) View Alignment

Depth Estimation

W

Point Cloud Transform

Visual Gap

Inpainting

L

Upper Body

S
/¢

Lower Body

L 4

Dexterous
Hand

(b) Action Alignment

‘+ Unified Action Space

6-DoF Delta End-Effector

X Y. z Rx Ry Rz

Discrete Velocity Commands

Binary Open/Close

—_ (i L
v 9
Open Close

Action Gap

ARCHON
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Experiment A

In-Domain Performance @ Robot-only Generalization Performance © Robot-only
———— © Co-training S © Co-training
85.0 85.0 875
78.4 788 822
80 70.0 80
60.0 65.0
g ‘ 613 58.8 b
Q i L
w 60 60
o 475 425
& 375
® 40 | 40 313 30.9
<
20 20
0 - I - —/ —/ o 20\ \—/ —/ \—/ —
P Lt O R 9 (09° WY e 05 A <o¥ set o 9 e
1’4 c’e«\ 3\ 3 905 i\ (\g‘e G \‘H\(\ P‘\le ° ce(“ Y : 909 < “gﬁ C \‘}1\0 P\\le
o\ O <2 cxO o\e OV < X0

[ Co-training boosts robot performance, especially in unseen settings (+51.3%). J -




Experiment

@® Navigation @® Manipulation

ARCHON

Training Data

Pillow Placement

Trash Disposal Toy Transfer

Cart Stowing

sl s2 sl s2 sl s2 s3 s4 sl s2 s3 s4
Robot-only 0 0 65 45 100 50 0 0 100 15 5 5
Human-only 100 95 100 80 100 100 45 35 100 5 0 0
Co-training 100 95 100 75 100 100 60 55 100 60 50 50

Wrong Orientation: 2

37

Failure Tripls
70

33

Locomotion Failure

Manipulation Failure

Early Stop: 30

No Stop: 5

Early Gripper Open: 9

Poor Grasping Pose: 22

Poor Placing Pose: 2

(@) Robot-only

Locomotion Failure
1

Early Stop: 11

Early Gripper Open: 11

Failure Trials
49

Manipulation Failure

Poor Grasping Pose: 1
38 ping 9

Poor Placing Pose: 8

(b) Human-only

Wrong Orientation: 4
Locomotion Failure

8 Early Stop: 4
Early Gripper Open: 1

Failure Trials
25 Poor Grasping Pose: 8

Manipulation Failure
17

Poor Placing Pose: 8

(c) Co-training

Navigation transfers better from human data

27




Experiment | View Alignment Visualization

Original Image Estimated Depth Reprojected Image Final Image

Pillow Placement

Trash Disposal

Toy Transfer

Cart Stowing

AAAAAA
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Experiment

100
775
80
o
3
3 60
Q
(@)]
o
S 40
<
20
0 Nt

825

Nt

Generalization Performance

© ours w/o view alignment

80.0

L

87.5

-

9\\\° oc0® —((OZ‘;\ 2 <oy o
0\

g

we®

O ours

50.0

<\ - 5

55.3

-

)

65.3

a

st

e \le‘afbe

AAAAAA

[ View alignment improves performance by bridging camera height gaps J 20




Zero-Shot Deployment

AAAAAA
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EgoHumanoid JAN

Unlocking In-the-Wild Loco-Manipulation with
Robot-Free Egocentric Demonstration

Modi Shi®3*  Shijia Peng'*"  Jin Chen?* Haoran Jiang? Tianyu Li?
Di Huang® Ping Luo!f  Hongyang Li!?® Li Chen!®
1 The University of Hong Kong 2 Shanghai Innovation Institute 3 Beihang University
https://opendrivelab.com/EgoHumanoid
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Outline

1. Background: Scaling Humanoid Loco-Manipulation
2. WholebodyVLA (ICLR 2026): Pre-training from Egocentric Human Videos
3. EgoHumanoid (RSS 2026): Human-Centric Whole-Body Data Collection

nnnnnn
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Shift weight while pulling dish rack Use foot as an additional contact

A decomposition into upper-body manipulation and lower-body commands inevitably discards useful
whole-body coordination.

@Figure, Helix-02



Our path climbs the human-data hierarchy

STEP 1 - EGO VIDEO

WholeBodyVLA

Action-free human videos

+ robot post-training

POLICY OUTPUT

Upper-body action
+ discrete locomotion

richer human supervision

8.
o

i

EgoHumanoid

Robot-free EgoBody data
+ human-robot co-training

POLICY OUTPUT
8.

Upper-body action Wew

+ discrete locomotion EE

NEXT - WHOLE-BODY INTELLIGENCE

Humanoid Foundation
Model

Preserve the full strategy

EgoBody pre-training
+ robot grounding

POLICY OUTPUT
Whole-body N\i\ %
motion trajectory 1 4

More human motion preserved —

From learning human intent to generating executable whole-body motion.

AAAAAA



The missing piece is whole-body intelligence.

/A

ARCHON

Not a hand-off between an upper-body policy and a lower-body command — one interface, the whole body.

STAGE 1 - DATA

EgoBody data pretrain

Egocentric + whole-body
human pose demonstration +
co-train with robot data

Universal trackers:

>

7

STAGE 2 - Planner

Humanoid Foundation
Model

Outputs whole-body robot motion
trajectory

N\

STAGE 3 : Controller
Universal tracker

RL whole-body tracking
controller — credit: TWIST2,
SONIC, AMS...




WhoIe-boéIy Ménipula
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Environment-Leveraged Loco-Manipulation



Thanks
Q&A

tianyu@archon. tech
https://sephyli.github.io/

AAAAAA
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