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Outline

1. Background
- Time for loco-manipulation, aka whole-body control
- Why and why now?
- VLA and Data effort

2. Algorithm part: WholeBodyVLA (ICLR 2026)
3. Data part: Human-centric data collection (RSS 2026)
4. Challenges and Future Work



Impressive Skills Showcase

Excellent Performance, Limited Task Generalization

HuB:

Learning Extreme Humanoid Balance

hub-robot.github.io

@ Carnegie
Mellon

University

Beyapd M‘K‘ ic
From Motion Tracking to Versatile Humanoid
Control via Guided'Di

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

amazon OmniRetarget, ICRA'26 [ Interaction



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

Motivation

Autonomous Humanoid System in Early 2025

Upper-body tasks only

' -3 : 5 e
GROOT N1




Motivation

Autonomous Humanoid System in Early 2025

Upper-body tasks only

Motion Tracking
run1_subject2 (LAFAN1)

Pure locomotion

Real-time
w/o MoCap

BeyondMimic 5



Motivation

Q: Which is more diffucult: humanoid kung fu or door-opening?

100% | =
@ Kung fu
' Door—opening
0% | . - — J;roximity to éobotics Research -
General Large Model Robotics
Audionce Researchers Researchers

ot NeurIPS
from DoorMan, Haoru Xue, Nvidia,
https:/www.youtube.com/watch?v=0lHC6Et10V4
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Motivation: Simultaneous Manipulation + Locomotion

Humanoid Loco-Manipulation



Paradigm Shift: from Upper Body Manipulation to Whole-body Intelligence

Yk 3
Manipulation

Current Physical World Models VLA/World MOdel ‘
Digital World Physical World

|
2023-2025 2026 - 2030\

Lower
(n_l_)' 2010~ -2024
ody. ocomotlo |

V.

* Learned to dance, punch
* Spring Festival Gala performance



Paradigm Shift: from Upper Body Manipulation to Whole-body Intelligence

[Fully body Coordination]

7/ ; =~ il | "2
ﬁ~ 75\
Manipulation

Current Physical World Models VLA/World Model |
Digital World Physical World |

|
2023-2025 2026 - 2030\

Large Humanoid Model (LHM)

Lower End-to-End Full-Body Manipulation & Motion Control
O o 2010/\./ _ 2024
ody: [ocomotion
£ Z /4 'J'_; e

+ Realize Humanoid Robot Scaling Law
« Environment, Object, and Human
Interaction

* Learned to dance, punch
* Spring Festival Gala performance 10



Paradigm Shift: from Upper Body Manipulation to Whole-body Intelligence

[Fully body Coordination]

Digital World Physical World

= »'-
2023-2025 2026-2030\\\\* It
\ Large Humanoid Model (LHM)

Lower End-to-End Full-Body Manipulation & Motion Control
: : 2010~ - 2024
oay. ocomotion

Data? Algorithm? Compute?

11



Algorithm challenge: VLA the only solution?

VLA is cool, but....

Our “toy” demos:

Lightning Variation Novel Objects

12



Algorithm challenge: VLA the only solution?

VLA is cool, but....

° Struggles to Generalize ° Not Really Dextrous ° Edge-side Responsive Control

OOD Generalization In-hand Manipulation Highly Dynamic Tasks

7
global
camera

Aerobatic-Planner

AnyGrasp 7 NeuralFeels

Fang, Hao-Shu, et al. "Anygrasp: Robust and efficient grasp perception in spatial and temporal domains." IEEE TRO (2023)
Suresh, Sudharshan, et al. "NeuralFeels with neural fields: Visuotactile perception for in-hand manipulation." Science Robotics (2024) 13
Wang, Mingyang, et al. "Unlocking aerobatic potential of quadcopters: Autonomous freestyle flight generation and execution." Science Robotics(2025)



Data Perspective: Where is RoboGPT?

Assuming 238 words/minute, 1.33 token/word

Open-X-embodiment (OXE)

4k Hours GPT-2
475k Hours
PiO Data
10k Hours

LLaMA-3

790M Hours
Or 0.79B Hours

14



Task/Generalization: Where is RoboGPT?
- Short-horizon
- Simple task (e.g. pick and place)
- Controlled Lab Environment

Q) DeepMind

Vuong Q, Levine S, Walke H R, et al. Open X-Embodiment: Robotic learning datasets and RT-X models. ICRA 2024

15



Data Challenge

ﬁ, PICO 4 Ultra

Task /| Embodiment 8.
SpecificData |

Hand pose

g, PICO Tracker

!

- Whole-body pose

{H(} “f {’ X-Embodiment

Robot Data -

_—— Human-centric data
learning

Action-less Web Videos

¥ TS

A KITCHENS



Outline

2. Algorithm part: WholebodyVLA (ICLR 2026)

18



Basic: Vision-Language-Action (VLA) Framework
.

Action
Decoder

VLM

Image 1
Observation .

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

GEN-0

Task
Instruction

19



WholeBodyVLA

https://opendrivelab.com/WholeBodyVLA ICLR 2026

Unified latent learning

("uv '-I'a” o)\ D al
." =" 1y _‘9\)\3{\0 - = D aZ
A= - -~ “\a“ L <L
*n ' / '*"s ‘!' J:: ;”’ -~ f w D i
5ok o o=t :
LAM . Nﬁg};‘ N f %" latents o Action | % Locomotion
S & h PR\ = Decoder| §1 command LMO RL
) :Z 2 locomotion 3" (] 52 3 o~ Polic
A %, i I 23 oBn & S y
VLM |
P.recise Iocomotio.n
- e
Image ré
Observation X A &
b\ : :: )
. fa °
Task Pick the box, B O } :
. turn to the cart > Upper: Rand. —» Manip.
Instruction 4 place the box .
th t. : —> O i i
on the car Cmd: <7 m— v Loco-manipulation-
Reward: s —p QQ oriented RL

20


https://opendrivelab.com/WholeBodyVLA

Humanoid Pipeline using VLA: The Setup

B
@gh-level \

planner v, S Y.
Action |- TR 5B
Decoder | | Low-level
~1055 controller
51 X
VLM e B L
h " Ba&a|  Policy T~ Giower
Image
Observation T \—T—)

. ‘R Robot state
Pick the box,
Task —
Instructi turn to the car
NSIUCHON.  ong place the b4x :"
on the cart. | |

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

Upper-body action
e Locomotion command

Low-level controller (RL policy): locomotion under command : e Lower-body action 3



Challenge - Data

.
Real robot data is too costly to scale-up

Teleoperation Humanoid Robot

‘ _RGBinput _
"

TWIST2

To teleoperate the humanoid robot, we need
at least 2 human teleoperators with a
humanoid robot.

22


http://www.youtube.com/watch?v=Al3zCsmH00M

Challenge - Data (cont'd)

.
Scarcity of loco-manipulation data

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

b . i gl TS B
.e.ﬁdm.ﬁ!ﬁ, RN T

L3
¥ BERERARTC W SPHAE Y Large-scal
I.» ' Elﬁt arfzflz ts:a e

%‘w %ﬂlﬂ% =

= %
:%E AIE = %h&&“ﬁ.ﬂ

Tabletop manipulation Navigation on wheeled or quadruped platform

F!thkh urn 1 tthrao
ng t th\ﬂw t th
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Challenge - Data (cont'd)

.
Scarcity of loco-manipulation data

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

b . i gl TS B
.e.ﬁdm.ﬁ!ﬁ, RN T

L3
¥ BERERARTC W SPHAE Y Large-scal
I.» ' Elﬁt arfzflz ts:a e

w %

F!thkh . Turn 1 tth room
ot the couch. Siop 1 ng t T the Tefc. Wort th

E a
;¥E B M 24, amgaﬂﬁ.u

Tabletop manipulation Navigation on wheeled or quadruped platform

Manipulation and navigation are **Separate** tasks.

24



Challenge - Data (cont'd)

S
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.

[ Learn from human/action-free videos! ] 25




How to obtain loco-manip. knowledge?

B 00000
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 26



How to obtain loco-manip. knowledge? (contd)

B 00000
Learn from human/action-free videos

Low-cost human data collection . .
Manipulation

miE < &“ @

Locomotion

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

Manipulation: Large-scale tabletop manipulation dataset (e,g., AgibotWorld) 21



Method | Unified Latent Learning

Low-cost human data collection : : _ Latent Action Model
Manipulation [ T i

|<.\
mdn < &“ @

‘ Locomotion

Codebook unifying manipulation
and locomotion

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

28



Method | Unified Latent Learning(cont'd)

Unified latent learning
3 > 4;-.:‘." l-' o0 - 8 al
S . ar\'\v“\a“‘ P a
Ty A= G 5 70 rT |0
Sl i i i
LAM Q\\Z-‘L;\: 'S / 4{3 latents D Action an Locomotion
S &t SE g ST e O pecoder| S1  command RL
) z locomotion :' O R Polic
£ Aol pRoE Pl
O
VLM
Image \ Latent Action Model (LAM) with unified latent of
Observation both locomotion and manipulation provides
supervision for the VLM.
Pick the box,
TaSk_ tizn toethzxcart EJ cj
Instruction

and place the box
on the cart. Summary:

Action-free data - low cost
Fewer data due to LAM structure 2°



The Full Picture

Unified latent learning

4 - cj
o o a
n '_‘E-“ ol 2 A0 “\ak\o ~w - D a;
,
R <« st (f 4 I w D
fonmr = )
LAM @ V~ @&/ latents O Action = % Locomotion
4 Decoder S1 command LMO RL
# ; 3
- :2. < Iocomotlon 8" () S2 —-} Polic
;‘}«: :}; V;» - ‘: D 713 ElE]EI .\J &U‘ y
o
VLM

P.recise Iocomotio‘n

Image
Observation

L0 LI

Pick the box,
TaSk. turn to the cart
Instruction  ,n4 place the box

on the cart. Cmd: <7 m— > <7 Loco-manipulation-
Reward: s —p QQ oriented RL

Upper: Rand. —» Manip.



Demo | WholeBodyVLA

Autonomous x 2 \ Autonomous x 2 Autonomous x 1

Start-pose Gen.

V .

Autonomous x 1 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

Finetuning Data Scaling for Start-Pose Generalization

0.8
0.7
0.6
0.5
0.4
0.3
0.2

1.0
0.9
0.8
0.7
0.6
0.5
0.4

....................... "

l—— $

 @mmmmmmm——= =
=3

@~ 0% Loco. Pretrain

~M- 25% Loco. Pretrain
-~ 50% Loco. Pretrain
-4+ 100% Loco. Pretrain

100 200

Num. of Episodes

Finetuning Data Scaling for Scene Generalization

S 0% Mani. Pretrain
-~ 25% Mani. Pretrain
~#- 50% Mani. Pretrain
&~ 100% Mani. Pretrain

100 200

Num. of Episodes

Unified latent learning reduces the reliance on real robot data. }2




Take-aways for WholebodyVLA

By learning the unified latents and manipulation-aware
locomotion policy, we enable loco-manipulation with a
single VLA framework.

By learning the unified latents of locomotion and
manipulation, we reduce the reliance on large-scale
loco-manipulation data.

33



Outline

3. Data part: Human-centric data collection (RSS 2026)

34



EgoHumanoid

https://github.com/OpenDriveLab/EgoHumanoid

Framework Overview

In-the-Wild Human Data W ( 1@7

S m @, e

Object Viewpoint Environment

W ( Constrained Robot Data
— B Bound to Lab Environment

7 o]
% Action
— & — J

Q- s

Appearance Lighting

Co-Training

N4
Loco-Manipulation Deployment
@ Generalizing without Wild Robot Data

00 200
Human Data Scale

System Architecture

Ll Overview

£ Human Demo

PICOVR+zep | Collect—>  Egocentric Data  —Process—

EgoHumanoid consists of four main components:

Data Collection

. Data Processing
Collect synchronized

multi-modal data from Process, align, and
both humanoid robots retarget human
(Unitree G1) and human demonstrations to robot
demonstrators (PICO VR action space
+ ZED Mini)

RSS 2026

o @
View Alignment  —Train—» ';',':?;::::l %“el‘“’y*} ;:;:g::ﬂ
~ @
< G >
voQ
Model Training
(@ Deployment

Fine-tune vision-
language-action models
Tlo.s ON the processed
datasets

Deploy trained policies
on real humanoid robots
with real-time inference

35



Motivation | Data Bottleneck

Robot Teleoperation

Y High cost & operational complexity

X Confined to laboratory environments

No training-deployment gap

Human Data

Low-cost portable sensors
Scalable across diverse environments

>{ Human-robot embodiment gap

e, PICO Tracker

Whole-body pose

36



Motivation | EgoDataset

General Purpose
* Epic-Kitchens: egocentric cooking activities and actions

Dataset #Traj. #Tasks #Frames Lang. Annot. Cam.Ext. Dexterous Annot. Collection Method

( 5 5 h rs ) RoboTurk [21] 2k J 3 12M : X X X teleopferation

e EgodD: large-scale egocentric video (3.7k hrs) s S ol N~ ; ’ oot
. . . DROID [16] 76k 86 19M v v X teleoperation

* Ego-Exo4D: paired egocentric + exocentric (2k hrs) F— P EE—y 5 7 " cocensic video

. . .. . EPIC-KITCHENS [8] 40k 125 12M v X X egocentric video

» HoloAssist: egocentric assistive tasks (AR/egocentric), HOMD (19] a s oM x x % m

EgodD (HOI) [11] 89k n/a 2IM v X X egocentric video

coarse hand pose annot.(166hrs) EgoDex (ours) |k 194 oM % v ¢ egocentric video

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

Manipulation-oriented(3D Hand Pose)

« HOT3D: egocentric tasks with hand/object et e e T Py AL g
. . BridgeData V2 Robot IRASim, UniSim, 130 60.1k 13 24
annotations (Meta) (833 mins) ’ WorldGym, WMBE
. . . . Language-Table Robot IRASim, UniSim, 2.7k 442k - -
* HOI4D: 4D hand-object interaction dataset (includes RoboNet Robot  VideoGPY IRASIm - 162k . 10
. . DR.OID Robot Ctrl-World, UWM 350 76k 86 564
egocentric views) (4k seq) Nmers ' Human  PEVAEgowin, 200 1% Y%
. EgoControl
e EgoDex: largest w/ dexterous annotation. b - e - ook s .
(829 hrs) gf:?:l;ojo-HV E:Eiﬁ : 45;(’;7 1,31(;];k 6,1091‘;T 1,1535k
Our Mixture Human - 44,711 1,179k >6,0151 >1,135k
* TACO: tool-use/action-centric dataset (2.5k seq) DreamDojolhttps://arxiv.org/pdf/2602.06949)

37



Motivation | EgoDataset

General Purpose

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

* 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

No whole-body Pose !

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) DreamDojolhttps://arxiv.org/pdf/2602.06949)

38



Our Solution | Co-training

Human data with whole-body pose & Robot data

.. View &

AlignmenVAlignment )

2 B @
‘ - | 2

0 2
I W\
VLA
Co-Training

JU
WV

7~ In-the-Wild Human Data \ (‘@’ 7R ) ( Constrained Robot Data )
y ~ ; J Action
\

= @ Bound to Lab Environment

Loco-Manipulation Deployment
& Generalizing without Wild Robot Data

@Outdoor Home Supermark?

7
Generalization Performance

Average Score
» (o
o o
e

o]
o

P

/

+51%

0 100 200 300
Human Data Scale /

39



Data Collection

~1.3m
e
,\ ~ b
— +
PICO 4 Ultra g ="
s s 2 3
Teleoperation v v, 3 v
w
27 5
Arm P
m Pose - ) . PICO Tracker
Hand Grasp ¥
o8 C & 4 LM 4 H
Locomotion Command j - BN S _Whole-body pose

Robot Data Collection
* ZED Camera
* UniTree G1
* Picogq Ultra

* Pico Controller* 2

Human Data Collection
e ZED Camera
* Picoq4 Ultra

* Pico Motion Tracker * 5

40



Data Collection | Laboratary Robot Data

Cart Stowing Toy Transfer

@
RS ¢ |

Trash Disposal Pillow Placement 41



Data Collection | Diverse Human Data

Egocentric vision data

Toy Transfer

= m—

‘ Egocentric vision data

e ——

Trash Disposal Pillow Placement 42



Data Collection

1618m

@ ZED X Mini

L ldima’:m ndi' Middle .
‘Distal L' L‘ L L‘
"'y &/

\/a Intermediate Thumb
L ¥ %
& 0:Pelvis

. R é
— Proximal <‘Distal

P Prommal
y Paim
\}/\/‘\—éﬂmcam.
e o o 4l _Knee Mgta
!

Left hand

Wrist

Wrist
7L Ankle

P

View from the back of hands
10:L_Foot

Right hand
Palm is facing down

24 dof whole body pose

226 dof hand pose

43



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

=]
@
8

L Intermediat
\/' Proximal <‘Distal y
\/' \Ev <froxima| y‘y L‘Lﬁ roximal
\}ﬁu\tairp_a{‘nﬂemcamal L-IL\‘LQetaca rpal

L.
Cif

X/-.mermea.ate humb
h % o,

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 44




Pipeline Overview

® Human Demonstrations

Diverse Environments

® Robot Demonstrations

Laboratory Environments

—

(a) View Alignment

Depth Estimation

Point Cloud Transform

Visual Gap

Inpainting

Upper Body

<
/4

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
— | N
} | 4 / J:/
Open Close

Action Gap

=
3
2|52

S

>
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Experiment

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
(%] g
w 60 60
o 475 425
& ‘ 375
9 40 40 313 309
<
20 20
0 - I - \/ -, o 20\ \/ —/ —/ -
P Lt O R 9 (09° WY e 05 A <o¥ set o 9 e
°? Ce((\ 3\ 3 Q0‘5 i\ (\g‘e C RIS P‘\le ° ce(“ 0. : 909 < “gﬁ C \‘}1\0 P\\‘e
o\ O <2 cxO o\e OV < X0

46

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




Experiment

@® Navigation @® Manipulation

s Pillow Placement Trash Disposal Toy Transfer Cart Stowing
Training Data
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

Locomotion Failure Early Stop: 11 Wrong Orientation: 4
11 Locomotion Failure
Locomotion Failure Early Stop: 30 : Early Stop: 4
37 .
Early Gripper Open: 11 Early Gripper Open: 1
No Stop: 5
Failure Tripls Failure Trials Failure Trials
70 49 25 Poor Grasping Pose: 8
Early Gripper Open: 9 . . .
M8an|pul.atlon Failure Poor Grasping Pose: 19 Manipulation Failure
Manipulation Failure 3 17
33 Poor Grasping Pose: 22 Poor Placing Pose: 8
Poor Placing Pose: 2 Poor Placing Pose: 8
(@) Robot-only (b) Human-only (c) Co-training

Navigation transfers better from human data

47




Experiment | View Alignment Visualization

Original Image Estimated Depth Reprojected Image Final Image

Pillow Placement

Trash Disposal

Toy Transfer

Cart Stowing

48



Experiment

Generalization Performance

© ours w/o view alignment O ours

100
87.5
775 82.5 80.0
80
o 65.3
§ | 55.3
n 60 50.0 :
o .
& 43 388 ’
a>) 40 | o
< 25.0
20
0 A\ AN AN
AN e
?\\\o «\et\ “ag\a o <o) s@ o™ 09 NG@Q
o\e“ oY < c',

[ View alignment improves performance by bridging camera height gaps J 49




Zero-Shot Deployment

50



Experiment

Pillow Placement Trash Disposal Toy Transfer Cart Stowing Average

o 100 ,,'1/. 100 /‘. ") 100 100 100
O 80- -7’ : /\ 80- ] = 80- 80- 80-
2 o a g —a
S 60 O 60 / 60 //_)<o 60 it 60 =/
[*)] = / X /— /
© 40 40 40— 40 2] & 40
- : N X
2 2017 20 20 20 20

o~ 0 0 0 0

0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300 0 100 200 300
Human Demos Human Demos Human Demos Human Demos Human Demos
—e— Robot:Human 1:2 —=— Robot:Human 1:1 Robot:Human 2:1

Performance scales with human data;
optimal sampling ratio depends on task precision requirements. 51




Outline

4. Challenges and Future Work

52



Roadmap & Future Work

Scale up egocentric human data

TABLE II: Effect of human demonstration scene diversity on zero-shot generalization. We evaluate the Trash Disposal
task in a novel scene unseen during training, progressively increasing the number of distinct human demonstration scenes while
keeping robot data fixed. Sub-steps s1 (locomotion) and s2 (manipulation) are reported alongside the average task score.

——

Training Data # Human Scenes sl s2 Average Score
Robot-only 0 70 45 57.5
Co-training 1 90 60 75.0
Co-training 2 100 50 75.0
Co-training 3 100 65 82.5

Scaling Performance with Pretraining Data & Compute

5 -2
1.45% 10 % Pretraining Dataset

1.4x1072 of data
N Y of data
1.35x107 of data
1.3x1072 .3% of data

of data
1.25%x 1072

1.2x1072

w
=]
Q
@
4
@
]
S5
©
—
=
5]
o
=
a
@
@
Q
—
o

.15x 1072
1.1x1072

1.05%x 1072

N GEN-0, Scaling Law, Generalist

Compute (PetaFLOP/s-days)

Object, Environment Robustness -> Generalization, Emergent Capability

53




Roadmap & Future Work

Towards generalizable whole body intelligence:

e Scalable human-centric data collection system
e Human-level embodiment
e Scale up pre-training

e Align action space to humanoid embodiment
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