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Scalable humamachine knowledge transfer via the Internet

Human Knowledge
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Transferrindhuman knowledge to robatiateleoperation
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Transferringsensorimotor knowledgeateleoperation
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We transfer our sensorimotor knowledge by
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The knowledge transfdrottleneck
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Human Knowledg:

Robot Policies

Teleoperatiore Playing claw machine games,
except:

ALGQa y20 Fdzy

A 2dz R2y QiU ¢6AY | yeluKky3
A You have to put the toy back (reset)

MIME Dataset (2018RoboTurlDataset (2019), OpenBimbodiment Dataset (2024)ROID Dataset (20)



L essons from the Internet

-
The Internet is annintended repository of Al training data.
It captures human knowledgethout conscious efforfrom its users,
with frictionlessuser experiences aubiquitousdevices
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Cerf and Kahn, TCP/IP Protocol ARPANET, 1977




Breaking the Bottleneck

Human Knowledge .
Robot Policies

How can we collect robot learning data
without conscious human eff@rt




Breaking the Bottleneckwith Embodied Human Data

Capture Learn
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Human Knowledge : o
//\— Robot Policies

U Collected fromhumans not robots
U Containembodiedsensorimotor experiences
U Capturedwithout conscious effort
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Robot Learning from Embodied Human Data

MimicPlay:
Learning from nUnembodi edo Human Dat a

EgoMimic:
Embodied Human Data as Robot Data

MimicTouch:
Learning from Multimodal Embodied Experiences

Beyond Scaling Up:
Robot Learning from a Human Perspective



Robot Learning from Embodied Human Data

MimicPlay:
What makes learning from human data so challenging?
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Whatcan robot learn from human videos?

HumanVideo Data RobotTeleopData
a YL
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+ Fast to collect - Slow to collect
- Large embodiment gap + Minimal embodiment gap

Key InsightLearnd ¢ K I G frdn® huRah $ideos, and
G K2 ¢ irdin rdb@ teleoperation data.

Chen Wang
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MimicPlay Decoupled learning af ¢ K landd K 2 & ¢

Current image Planning: Predicting future
3D hand trajectories

(human)
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X MimicPlay IR
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Subgoal Subgoal
High-level planner Goal image | A decoder
* (robot)
Subgoal Pred. |
- /Latent \.
= subgoal
==

Minimize KL between human and
. robot latent plans
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Learnwhatto do next (planning)
from human video data.
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MimicPlay Decoupled learning af ¢ K landd K 2 & ¢

Current image

Kl MimicPlay ., J (‘mbt) Execution: Real-time planning +

closed-loop policy rollout
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Learnhowto reach the next subgoal
from teleoperated robot data.

, Subgoal policy
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Evaluation rollouts: Real-time planning & robustness against disturbance
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Follow new task sequence,
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Have we solved the problem?

v Learningask goal> subgoal guidandeom human data

X The hierarchical policy wéllways be as good / bad as the
low-level policywhich is traine@dnly on robot data
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We are still bottlenecked by robot teleoperation data!
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Human data should ieeated differentlythan robot data because:

ASensingThirdLISNE 2y @GARS2& . SYO2RAS]

AActions HumandatR2 Yy Qi KI @S | QG A2y f I ¢

AAppearance & KinematicsHumans and roboteok differentand
havedifferent kinematic structures

Can weamake human daterpbodied,
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Yes, but we needfall-stack solution

Capture Learn
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Scaling Imitation Learning via Egocentric Video

Simar Kareer Dhruv Patel* - Ryan . Pranay Mathur* Shuo Cheng Chen Wang Judy Hoffmant Danfei Xuf
unamiya
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Capturing Embodied Experience fromEmocentric View




Capture Egocentric Data w8mart Glasses

RGB Camera

Project Aria

~ Glasses

Project Aria Glasses: \
A Ergonomic and light (759) \
A 5 Cameras (RGB, scene)

A SLAM + 3D hand tracking \

Y SLAM / Tracking Cameras



Scaling Imitation Learning with Embodied Human Da

EgoMimic

i
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Human Data Robot Data
U Treatinghuman data and robot datsequalsby
bridgingsensing, actiorandkinematic gaps.
U Joint policy learning thatcales with human data.

Kareeretal. EgoMimic Scal ing | mitati on L egommicgitlubiei a Egocentric Video?®°,




Aligning Embodiment & Vlewpoma/\

Embodiment

A Anthropomorphism matters!

A Lightweight & lean o S DOEATTTS L .
A Similar sizes in egocentric view (Vipery) | (.

Viewpoint:

A Robot wearing Aria

A Eliminates intedevice differences
A Similar hanekye configuration

Cost ~$13,000 (excluding Aria)
BOM available atgomimic.qgithub.io



egomimic.github.io

Stabilizing Egocentric Action Reference Frames

Fixed Camera (Ari&) Moving Head (Ariay

Future gripper poses Future hand poses are
(actions) are relative to a relative to anoving
fixed camera frame reference frameé

Need tostabilize the reference frame
Solution: SLAM! use human hand tracks as actions!

Kareeretal. EgoMimic Scal ing | mitati on L egommicgitlubiei a Egocentric Video?®°,




Stabilizing Egocentric Reference Frames

{ Goal Transfefuture hand positions (actions)to the
' current camera framesing device tracks
A Iy Hand Tracks with Stable Reference Fram
Hand Poses Device TracKsy

S5 &7 A K
Future hand poses (

=i inthe current
camera frameO




Joint HumarRobot Policy Learning

MimicPlayArchitecture/ | A SNJ NDKAOF € L2t AO0ée G2 f S| NJ
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é High-level planner
; ¥ 3D guidance

o . Human + Robot RObOt Only
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%, Low-level control 2 y
......................

Lowlevel goal conditional policy is bottlenecked by robot data.

Key InsightWith embodied human data, we can use a
simple, unified architecturthat scales with human data

28
Kareeretal. EgoMimic Scal ing | mitati on L egommicgitlubiei a Egocentric Video?®°,




Joint HumarRobot Policy Learning

Pose Predictions Joint Actions

Enforceshared human 52 Hap,,,
robot representations @- Rgp
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Joint HumarRobot Policy Learning

Enforceshared human
robot representations

Legend
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Joint HumarRobot Policy Learning

Pose Predictions
Enforceshared human M Ha
robot representations Qe Rap
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<-Shallow Linear Layers
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Does 1t work?

A WhattaskscanEgoMimicsolve?
A How well does iscalewith human data?
A Does itgeneralizébeyond training scenarios?
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Autonomous (EgoMimic)
4x speed \
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Autonomous (EgoMimic)
2X speed




Autonomous Egol\/limi@:
2x speed
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Autonomous EgoMimig¢
4x speed







Does=goMimicScale with Human Data?

Fallure

0% hand 50% hand 100% hand




Does=goMimicScale with Human Data?

Impact of Scaling Hand and Robot Data on Performance

120 Category
e=o== ACT (X Hrs Robot)
100
80
Q
o
A 60

40 //_____

20./

0
0.5 1.0 1.5 2.0 2.5
Hours of Data



Does=goMimicScale with Human Data?

Impact of Scaling Hand and Robot Data on Performance

120 Category /
e=eo=e ACT (X Hrs Robot) L

hr Robot + X Hrs Hand) / Performance jump
4 from human data!
+ 1hr Hand
0_
Object-in-Bowl  Groceries Laundry
We can demonstrateeally 1.5 2.0 2.5 3.0

fastwith our hands! Hours of Data




Scene Generalization
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Robot data in original scene Hand data in new scene



Unseenfrom Robot Data

Autonomous EgoMimi¢
2X Speed Motivation | Hardware | Algorithm |Results




