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Mobile-base policies work like magic
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Why not give them wheels instead of feet, they will be much faster and
more energy efficient?
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No speed-up in this videol
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Why we don’t see that many “working” humanoids

Specific Scenes & Tasks General Tasks & Intearctlons

. ‘d ¥ : -
Boston Dynamics, Atlas | Partners in Parkour, 2022 Damen et al., Scaling Egocentric Vision: The Epic-Kitchens
https://www.youtube.com/watch?v=tFADML7FIWk Dataset, 2018



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

What's the reason?



Human motion for humanoid whole-body control

Optimization-based
Retargeting

Subjecto to

* Interaction mesh HumanOid

¢ End effector constraint

g e Controller

MLP
MoE
Transformer
PID
MPC

Human Motion Motion Retargeting ‘ Controller » Robot Execution



CLONE: Humanoid Whole-Body Teleoperation
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Learning a teacher policy
with privileged information
for human motion tracking
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Distilling a MoE-based
student policy with

L Behavior Cloning (Dagger)
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Li et al., CLONE: Closed-Loop Whole-Body Humanoid Teleop

eration for Long-Horizon, CoRL 2025



Enabling Humanoid Training with Diverse Data
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Data Filtering
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Augmenting existing motion datasets for wide pose coverage
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BIGAI@World Humanoid Robot Game (WHRG) Aug. 2025



OmniBench for evaluating skill imbalances
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Li et al., OmniCLONE: Engineering a Robust, All-Rounder Whole-Body Humanoid Teleoperation System, ArXiv’'26



The effect of data mixing
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The problem with reference motion
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Li et al., OmniTrack: General Motion Tracking via Physics-Consistent Reference, ArXiv’'26



OmniTrack: Physical motion generation for motion tracking
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Constructing physical consistent reference motions

Dataset Reference Penetration Floating Smoothness MPJPE
Raw Ref. 20.3% 2.52% 33.7 0.000
LAFAN1
Physical Ref. 0.0% 0.0% 31.8 21.0
Raw Ref. 67.7% 3.29% 19.5 0.000
AMASS
Physical Ref. 0.0% 0.0% 15.8 16.0

\/

“* Retargeting causes

/

<+ Roll out with a zero DR teacher

policy leads to motion quality
improvement




Mean Reward

Physical motion for scaling general motion tracking
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Physical reference motions improve both the success rate and

the tracking quality of the raw motion with scaling effects
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General Motion Tracking

All results are generated by a single general policy
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Torque Limit

Problem 1: Sim2Real Gap

w/0 Motor/Characteristic Modeling wj

MotorgCharacteristiciModeling

Unattainable
Region

Joint Velocity

Real motors cannot produce arbitrary torque



Problem 1: Sim2Real Gap

w/0 Po,,wer—Safet)\f‘Regularization w/ Power-Safety. Ru‘l\fariz_at‘ib‘f\
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eadband

Time / Steps

Energy-aware control improves both stability and hardware safety



Scaling on extreme motions

Traditional Controller
mmmm Qur Goal: Scalable Controller
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Skills

Cerebellum contains roughly 80% of the brain's neurons



Problem 2: Scaling effects on the policy

—&— OmniXtreme (Pretrain only) MLPs
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Naive scaling of policy network size (MLPs) is not
Flow-matching as a better supervision for scaling and representation learning

Pan et al., Much Ado About Noising: Dispelling the Myths of Generative Robotic Control, ArXiv’'25



The OmniXtreme pipeline
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Enabling autonomous humanoid policies

~50 demos real-robot teleoperation can unlock full-body manipulation capabilities



Task1: Pick and Place

‘pick up the green tomato and put to the green basket”



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 ©

Data collectionis a disaster



@ 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 ®






And when you don’t have force-torque sensors...

mass-spring-damper system

F=K(x — x“™9) + D(3 —1x™9) + M (% —1x-™d)

X =Xcmd+5
K

And if the end effector moves really slowly...



Revisiting the control formulation
mass-spring-damper system
F = K(x — x*M4) 4+ D(x —%M4) + M(¥ —%Md)

X =Xcmd+5
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)

h\‘ts
-2 target
4 Xee
(I /
S . Fext Xtarget
4 ee

When with external force




Formulating forces with positions

F = K(X — Xcmd)
Iyen(t

Impedance control  ytarget — ycmd

K

target
ee




Revisiting the control formulation
mass-spring-damper system

F = K(x =—=x) + D(x — x*™9) + M (% —%™Md)

x = xmd + —

D

Force-adjusted velocity enables compliant locomotion



Formulating forces with velocities

F=D(x — xmd)
FeXt
D
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Compliant locomotion xtarget — gcmd
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E'P via RL with force-position sampling in simulator

Fext + chd
Action xtarget — yemd K
Position Cmd O-» 4 50Hz? O O
Force Cmd Q* Encoder I‘ Actor O @ O
track
O O
) )
Last Action O O
Base State . . ~ MSE ﬁ
Joint State Estimator i O ~ Loss i O
History O O
—/ —/
Proprioception Estimated Force External Force

Simulator

Force Cmd
External Force

Zhiet al., UniFP: Learning a Unified Policy for Position and Force Control in Legged Loco-Manipulation, CoRL’25 Best Paper



UniKFP for force-aware real-world imitation learning

. 2H  "'£\, . ;
Estimated ForceO\ z T gNurelelsl,s
Position Camera OtI’O er
Proprloceptlono Diffusion m | il
_ Policy N Force
Cmd

 Data collection with estimated forces

* Imitation learning with position and
force command targets

* Inference with UnikP




UniFP for force-aware real-world imitation learning

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...
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Movement Tracking Compliant Holding

The composition of these behaviors works for human-robot collaboration






COLA for collaborative object carrying

External Forces
collab Owbc \

Collaboration
Student Policy

vlm, vang, hroot

GT Commands

pos root prev

vel
yq W g, a
Proprioception 0'°¢° l

~lin sang = &
(VAL VAL TR o
Privileged Observations

Du et al., Learning Human-Humanoid Coordination for Collaborative Object Carrying, ICRA’26
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Speed Tracking, 1.0x Speed



LIELGEWEVE

» Scaling controller learning itself as an important problem
** Weigh it at least the same as VLA/WAM learning
*» High-quality data with careful distribution selection
+»* Clear hardware specs for sim2real gap solving
+* Use of HOI data for robot learning with perception considered?



LIELGEWEVE

** Weigh it at least the same as VLA/WAM learning

** High-quality data with careful distribution selection

¢ Clear hardware specs for sim2real gap solving

** Use of HOI data for robot learning with perception considered?

» Compliance/force is a must for real-world tasks
¢ Force modeling is not the same as domain randomization
*» Compliance for safety and collaboration, force for task execution
* Use of tactile sensing for dexterous manipulation?



LELCEVEVS Thank you !

** Weigh it at least the same as VLA/WAM learning

s High-quality data with careful distribution selection

+* Clear hardware specs for sim2real gap solving

** Use of HOI data for robot learning with perception considered?

*** Force modeling is not the same as domain randomization
+* Compliance for safety and collaboration, force for task execution
** Use of tactile sensing for dexterous manipulation?

At the end, it will still be about autonomous and generalizability
At present, controller+data > model/hardware design
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