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Phantom: Training Robots Without
Robots Using Only Human Videos

Marion Lepert, Jiaying Fang, Jeannette Bohg

CoRL / 2025

Collect human videos in many scenes
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Deploy zero-shot
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Rendered robot + inpainting (no real robot data)
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1. hand pose — robot action
3D pose?l meshE FH3st= hand reconstruction 220l
HaMeRel ICPHIAO 2 hand pose M6l A tHEL

& O10|C| 0]

2. Data editing

SAM2Z Al 231 @ S segmentation

E2FGVI video inpainting2 £ Atgt 2/ 0|0 X|0| M H|7

20M hand poseE FHstH H22 X0l virtual robotS #HIH A5
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Cjo|E{ mjo|x2f2l
Train

Test

RGBD Extract action

Inpaint hand

Bvely vactull ratee 1 RGBD Overlay virtual robot

'

Trai\qu TT Rollslflt Tt
Data editing 845 human video AI2 45
Pick/ Place  Stack Tie Rotate
Book Cups Rope Box # of demos  Robot only  Human only
Hand Inpaint 0.92 0.72  0.64 0.72 25 0.16 —
Hand Mask 0.92 0.52 0.60 0.76 50 0.52 0.44
Red Line 0.0 0.0 0.0 0.0 100 (.88 0.64
Vanilla 0.0 0.0 0.0 0.0 300 — (.84
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Masquerade. Learning from In-the-wild
Human Videos using Data-Editing

Marion Lepert, Jiaying Fang, Jeannette Bohg

ICRA / 2026

Human Videos Edited Human Videos
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Co-training
edited human videoOll= auxiliary 2D lossE M35t
AH| robot demonstrationdl= imitation loss& H£5}0
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1. Editing pipeline Overlay 5 3 Deploy in OOD scenes
Extract action Inpaint hand virtual robot ", "
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Action Policy ]—» ngs - @
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DemoDiffusion. One-Shot Human Imitation
using pre-trained Diffusion Policy

Sungjae Park, Homanga Bharadhwaj, Shubham Tulsiani

ICRA / 2026
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‘Generalist’ Pre-trained Diffusion Policy

=N Mzt
M=Z2 2tAN|M zero-shot =22
M=Z2 taskoll d%s| 450| %11, finetuning E7110| g,
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generalist policyE &&dllA| single human
demonstration2 Rl 220| |22 taskE £+
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human trajectory2| high-level motion2 |XI5tHA
pretrained policyZl THCtst= plausible robot action distribution 2Holl £0{71= robot action2 Y= A

Hand Kinematic
Trajectory = Re-targeting

__éf ﬂ"\Y L 4 | — Q ';?'ﬂ?’ Q

Diffusion Guided Robot

Trajectory 8" = /aea+1—0r8, &~N(0,I)

Action Distribution of Pre-
trained Diffusion Policy

RHLS Robot Intelligence Learning & System




Task Fi-0 Kinematic DemolXffusion

Shut Down Laptop 20 [ (] 6l

Group Robot Policy Kinematic DemoDiffusion Close Mcrowave 10 80 90

Drae Basket 1() &) &)

Small 75 4 26 31.8 ,'1::"-‘ T‘LL] e ; e
Medium 26.6 0.7 3.6 s .

.[HF,EE ¥7 4 | 5 L N Iron Curtaun 21 70 b L]

Pick up Bear 0 41 il

Average 26,3 LG — Pick Place Bowl 0 70 100

Pick Place Banana 0O il kL]

Average 138 525 818

simulation2 real ZF0|A| zero shot M50| 11 £ LIQE= WS Eolg £ UL,
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MimicFunc: Imitating Tool Manipulation
from a Single Human Video via Functional
Correspondence

Chao Tang, Anxing Xiao, Yuhong Deng, Tianrun Hu, Wenlong Dong, Hanbo Zhang, David Hsu, Hong Zhang

CoRL /2025

Single Human Video Diverse Generalization
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A. Functional Keypoint Extraction
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Functional Keypoints Test Tool Trajectory Real Robot Execution
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@ “Use the teapot to pour the contents into the pot”
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(@ “Use a knife to cut the burger in half”
i l ‘)f -
o - - — -

(@ “Scoop the plate with a plastic scoop”
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ZeroMimic: Distilling Robotic Manipulation

Skills from Web Videos

Junyao Shi, Zhuolun Zhao, Tianyou Wang, lan Pedroza, Amy Luo, Jie Wang, Jason Ma, Dinesh Jayaraman

ICRA / 2025
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Human web videos

Open drawer Open frldge

Pickupplate  Open cupboard

Cut onion

Pour milk

And many more......

N

¢&) ZeroMimic

Grasping
Guided by human affordance

Post-grasp trajectory
Imitation Policy
trained on human web videos

Zero-shot deployment in diverse environments

Franka arm (real-world)

g

Open fridge Opeﬂ Eupoard—

FEE e

Cut banana Close drawer

WidowX arm (real-world)

Stlr food

Pour water

Franka arm (simulation)

Fy 55

Open cupboard Open drawer
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Web Human Video — Grasp Affordance + Post-Grasp Motion — Robot Execution

Grasping : VRBZ human videoO0l|X task-relevant contact/affordance ¢lX| 0=Z= robot gripperdll %= Xl grasp pose &4
Post-Grasp Motion : HaMeR + COLMAP2 2 human wrist motion= world-frame 6D trajectory=E Sl

0|25t i3t

| W gy )
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£4ll 3=71 robot fine-tuning 10| HIE A3

Graspin Human . Grasp [ Grasp
ping affordance generation B 0 execution
Phase ' Eh P
I
Post-Grasp
Phase Current Image Goal Image i
Wrist Wrist Trajectory
Trajectory
Policy
Human (Training)
Robot (Inference)

Gripper Trajectory
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Franka Arm (Real-World) Success Rate WidowX Arm (Real-World) Success Rate
i ‘ ' ing [ 90.0%
'II-I- Hinge Opening [N 70.0% Hinge Opening
Hinge Closing 70.0%
Hinge Closing [ NN 75.0% E—

pouring | ) 70.0%
s " O‘f
Slide Opening [ 0.0% stirring [N 30.0%

X

Slide Closing | 80.0% Average | | 65.0%
pouring |GGG 66.7% 0 20 40 60 80 100
ricking [ 5¢.7% Franka Arm (Simulation) Success Rate
Placing [N 70-0% Hinge Opening [ 75.0%
cutting [ £0.0% Hinge Closing [ 60.0%
stirring | ¢6.7°% Slide Opening [ 85.0%
Slide Closing [ 75.0%
Average | | 71:9% Average | | 73.8%
0 20 40 60 80 100 0 20 40 60 80 100

|,
Autonomous

2x speed /e

S5x speed
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EasyMimic: A Low-Cost Framework for Robot =
Imitation Learning from Human Videos

Chao Tang, Anxing Xiao, Yuhong Deng, Tianrun Hu, Wenlong Dong, Hanbo Zhang, David Hsu, Hong Zhang

ICRA / 2026
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e Action Space Alighment

human hand®| 3D keypoint/trajectory F=.

29| QK| - wek. 2712 7t H2|E 22 robot2| EE position / orientation / gripper state2 2L,

e Visual Space Alighment
Human hand meshE& F&st1 Y MMO=

e VLA Co-training

Physical Alignment
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Human hand image

Visual-space Alignment {VA)
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rendering/augmentation2
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a1t
Strategy Pick Pull Stack Avg.
EasyMimic 1.00 090 0.70 0.87
EasyMimic-AA 050 0.80  0.50 0.60
EasyMimic-VA 040 040  0.40 0.40
Strategy Pick Pull Stack LC Avg.
Robot-Only (10 traj.)  0.30  0.30 0.15 0.30 0.26
Robot-Only (20 traj.) 0.60  0.70 0.35 040 0.51
Pretrain-Finetune 0.80  0.90 0.50 0.80 0.75
EasyMimic 1.00 0.90 0.70 090 0.38
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EgoVLA: Learning Vision-Language-Action
Models from Egocentric Human Videos

Ruihan Yang, Qinxi Yu, Yecheng Wu, Rui Yan, Borui Li

IROS / 2026

=N| Argt
Human video= %X|2t human-robot action space?}
o|2 xto| mwjZof| Hf= AtEE +~ giCt.

ojo|LC|of
human/robot?| action2 Unified Action SpaceZ H&d}
A 2F9| robot data® adaptationds}x}H!

g
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e Human VLA Pretraining

e Unified Action Space

Humanz} robot 25 wrist pose + MANO hand representation@ = H¢d

Robot handk fingertip 21X 7|&

e Robot Action #2t + Fine-tuning

© 2 MANO representation0i] 5t

0| A22| robot demonstrations2 EgoVLAE fine-tuningsto| Al robot policy2 adaptation
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Table 1: Evaluation on Short-Horizon Tasks on Seen/Unseen Visual Configurations

Method

Stack-Can

Push-Box

Open-Drawer Close-Drawer

Flip-Mug  Pour-Balls Open-Laptop

Mean

SR+ PSR+ SR+ PSR+ SRT PSR+ SR+ PSR+ SR+ PSR+ SR+ PSR+ SR1 PSR1 SR+ PSR+

Seen Visual Configuration

ACT [5] 2222 2222 11.11 85.19 18.52 66.67 48.15 96.30 7.40 740 3.70 77.78 62.96 6296 24.87 59.79
EgoVLA-NoPretrain [38] 55.56 55.56 51.85 75.93 59.26 77.78 100.00 100.00 3.70 3.70 85.19 93.83 96.30 96.30 64.55 71.87
EgoVLA (50%) 44.44 4444 3333 66.67 22.22 61.73 100.00 100.00 22.22 22.22 77.78 92.59 37.04 44.44 48.15 61.73
EgoVLA 77.78 77.78 70.37 83.33 59.26 81.48 100.00 100.00 59.26 59.26 77.78 92.59 100.00 100.00 77.78 84.92
Unseen Visual Configuration

ACT [5] 9.09 10.61 18.18 87.88 24.24 71.97 63.64 96.97 0.00 0.00 6.06 53.03 53.03 24.89 54.22
EgoVLA-NoPretrain [38] 57.58 57.58 69.70 82.58 46.15 71.28 86.36 89.90 4.69 4.69 46.03 79.37 48.48 53.03 51.28 62.63
EgoVLA 62.12 62.12 75.76 84.85 50.00 75.25 98.48 98.48 30.77 30.77 83.33 9444 83.33 87.88 69.11 76.26

Table 2: Evaluation on Long-Horizon Tasks on Seen/Unseen Visual Configurations.

Insert-And-Unload-Cans Stack-Can-Into-Drawer

Sort-Cans Unload-Cans Insert-Cans

Method SR 1 PSR 1 SR 1 SRT PSRT SRt PSRT SR1T PSRT SR PSR
Seen Visual Configuration
ACT [5] 0.00 11.11 11.11 0.00 28.63 0.00 35.80 2.22 2647
EgoVLA-NoPretrain [38] 7.41 45.93 0.00 51.85 79.63 62.96 75.00 11.11 55.56 26.67 54.93
EgoVLA (50%) 0.00 28.15 29.63 0.00 33.33 0.00 30.56 7.41 39.70
EgoVLA 44 44 77.04 40.74 55.56 88.89 66.67 83.33 22.22 78.70 45.93 80.78
Unseen Visual Configuration
ACT [5] 0.00 7.95 1.52 0.00 20.71 1.52 33.83 0.00 21.21 0.61 23.51
EgoVLA-NoPretrain [38] 0.00 29.09 0.00 15.15 45.83 34.85 55.68 6.06 30.30 11.21 36.20
EgoVLA 31.82 76.97 28.79 18.18 68.94 50.00 75.76 15.15 62.88 28.79 69.11
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HoMMI: Learning Whole-Body Mobile
Manipulation from Human Demonstrations

Xiaomeng Xu, Jisang Park, Han Zhang, Eric Cousineau, Aditya Bhat, Jose Barreiros, Dian Wang, Jeannette Bohg, Shuran Song

RSS /2026

ofo|C|oq
S22 MNE6X| €11 human demonstration@tO =

whole-body mobile manipulationg &5 £ U=
E.IIOI E.I AII |:|| I-| t|-| c|-J=\ T E.“%I_?__Iﬂ% x.“cl)_} We learn whole-body mobile manipulation capabilities directly from human demonstrations,
without ANY teleoperation data

Long-horizon navigation Bimanual/whole-body coordination Active perception
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iphone 3CH + UMI gripper 27HE 0| &

2.visual gapS £0|7| £/t visual representation Al
RGB — 3D visual representation@ £ gzt
human hand mask

3.kinematic gap2 £0|7| 2Ill Head Action Representation Al
camera ray 2 pointmap= &3l look-at-point x|
H2[E F=td| 01 pose=E X|™5H=| OtL|2} 0] 3D {/XIE Eetn HEF

6-DoF Demo
Head Pose

4, WhO l,e bOdy I‘ll O'I % -?-I -?.-_I' CO ntroue r AI‘% HoMMI Data Collection Cross-Embodiment Hand-Eye Policy

pl’Opl’IO

l[@

)

Diffusion Transformers

Wnst 2D Observatlon l

Embodlment Agnostlc Visual Rep.
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Look-at Point Traj.

Relaxed Head Action Rep.

EEF Traj.

Whole-body Controller
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VLM See, Robot Do: Human Demo Video to
Robot Action Plan via Vision Language Model

Beichen Wang, Juexiao Zhan, Shuwen Dong Irving Fang, Chen Feng

IROS / 2025
%&Human Demo Videos @ Keyframe Selection
VLM See, Visual Prompting
Robot Do

Vision Language Model

U,’ Interpreter
Oto|LC e g'
I- I |01 ‘“ =| Robot Plan @

VLME 0|835}0] QI7te| Al HALS siAsta,
- Step 1: pick up the eggplant and drop it in the ..
OIE HI'EI'OE EEOI II‘O‘I 71' 2 og?_I.EI-E ﬁ' Robot Step 2: pick up the corn and drop it in th
|_'_-| &ES g;% ﬂ; |IJ_|-'=0.ILH A ?’!xl I.'al'-%”l'?? Execution Step 3: pick up the chili and drop it to the ..

Step 4. pick up the carrot and drop it in the ..

[ €[> Robot Code ]@

Objects = [eggplant, corn, chili, R
white bowl 1, white bowl 2, glass container]
put_first_on_second(eggplant, glass_container)
put_first_on_second({corn, glass_container)
put_first_on_second(chili, white_bowl_1)

# nex step

put_first_on_second( s white_bowl_2)
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https://scholar.google.com/citations?user=ACFrFnYAAAAJ&hl=en
https://arxiv.org/search/cs?searchtype=author&query=Yang,+R
https://juexzz.github.io/
https://arxiv.org/search/cs?searchtype=author&query=Yang,+R
https://www.linkedin.com/in/shuwen-dong-1342832b1
https://arxiv.org/search/cs?searchtype=author&query=Yang,+R
https://irvingf7.github.io/
https://arxiv.org/search/cs?searchtype=author&query=Yang,+R
https://scholar.google.com/citations?user=YeG8ZM0AAAAJ

ol & Of0|C| 0]

SEEDO agent |2t (+ 37}X] module)
371X B &(Keyframe Selection, Visual Prompting, VLM Interpreter)S Z&t
human demonstration videoZ sli41st11 robot task plang MMst= VLM 7|4t agent

@ Is the hand operating an
SAM 2 object?

Hand Speed
A \ Plot w F @ A: Yes/No
1 Which is being picked?
/\ [ | G v ol ) Where is it dropping to?
Visual prompts A ...
‘,- — - %— = = = —.nv- — \ with contours @

ke
eyframes Plan

Step1: Pick...and drop ... -
Step2: Pick... and drop ...
Step3:

Step 4:

Human Demonstration videos Module 1: Keyframe Selection Module 2: Visual Prompting Module 3: VLM Interpreter Plan Execution
: . . GPT40 VLM Plan
: [ Hand Speed Detection ] { Object Recoghnition ] @
| HandMarker Grounding DINO [@, Q:what’sintheimage?
| First
| © a:woodenblocks |
: CQ Every Keytrame Robot Code
_
| = fag) Obectlist{-} { Generation J
| /\ What's in the image? Code-as-Policies
: . A: four wooden blocks:
I Speed Valley Video Tracking block(ID:0), block(ID:1), ... Policy code
I Frame Selection Visual Prompting
I
|
|
|
|
|

Keyframes

g EEE EEE - -
-
-
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100 46.67% 50
()]
o 80 40
1]
= 2 9
3 "uhﬁﬁ___._________._-—-r—*"""ﬂfﬁ \\\ -
=T = E3 o 60 St 308
VLM + 20| 371%] ofo|c|ojS S g -
= =3 2 3lo|s 9
T2 M5E HolE US HAB £ S g 2
8 40 Error Type 18.10% 200
) —s— Vision Error H
. Spatial Error -
é Temporal Error n
|.'E 201 10
1.90%
D 0.00% 0.00% 'D
LLaVA-OV LLaVA-NeXT VILA Gemini GPT-40 I+F SeeDo
TABLE I: Model Success Rate Across Different Tasks
Model Vegetable Organization Garment Organization Wooden Block Stacking
TSR FSR SSR TSR FSR SSR TSR FSR SSR
LLaVA-OneVision [10] 0.00 0.00 oA 0.00 0.00 31.61 0.00 0.00 2.56
LLaVA-NeXT-Video-7B [47] 0.00 0.00 9.03 0.00 0.00 4.00 0.00 0.00 3.85
VILA1.5-8B [46] 5.26 5.26 14.38 0.00 0.00 0.90 0.00 0.00 3.41
Gemini 1.5 Pro [11] 39.47 3947 70.00 16.67 16.67 57.22 0.00 0.00 13.80
GPT-40 [18] Init + Final 30.47 3947 54.43 13.33 30.00 31.61 10.26 15.38 32.69
SeeDo 60.53 60.53 80.40 26.67 26.67 66.50 21.62 21.62 52.48
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CRAFT: Video Diffusion for Bimanual Robot
Data Generation

Jason Chen, I-Chun Arthur Liu, Gaurav Sukhatme, Daniel Seita

IROS / 2026
&/ Lgm amaipr Al
S| Atg ::: ;‘r "Pr@"—a | , o
2Roz =Y 43 HO|EHE L.gﬂﬁ -r-r.:a-? =
object pose-camera view-background-lighting-robot OJ?j é-'t Po _Sg Le
embodiment C}YM0| X Object (; lor. mi;ﬁ"

ofo|C|of » ac.kground "‘ﬂ;

Video Diffusion2 0| 206l A| CtFst 2tA Q| videoE MMl HX}!

Whist+ 3R perﬂ .
A 058 EMDBG -n $
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https://arxiv.org/search/cs?searchtype=author&query=Chen,+J
https://arxiv.org/search/cs?searchtype=author&query=Yang,+R
https://arxiv.org/search/cs?searchtype=author&query=Liu,+I+A
https://arxiv.org/search/cs?searchtype=author&query=Yang,+R
https://arxiv.org/search/cs?searchtype=author&query=Sukhatme,+G
https://arxiv.org/search/cs?searchtype=author&query=Yang,+R
https://arxiv.org/search/cs?searchtype=author&query=Seita,+D
https://arxiv.org/search/cs?searchtype=author&query=Seita,+D
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C}2¥st Data Augmentation
Object pose/Object color
Lighting/Background
Camera viewpoint
Wrist + 3rd-person multi-view
Cross-embodiment

Video Generation
Simulation trajectory0i|A]
Canny-edge video £&
Video Diffusion0l] '20{ photorealistic &4 MM

Trajectory Expansion
simulator?| digital twin2 = FHA
Object pose S HHEHA]
trajectory=S M’dst1 43¢t rollout?t 7%

Real-World

Teleoperation
Language
Instruction
zf’
f
Ref | /

Real2 Digital DGErenee Mage |

Sim Twin
ol u

Video
. ® Diffusion
Data
Generation
- s
o . Background
- - - =
—/
(1) (2) Canny-Edge }3)
Converter
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. ® 9 A

Object pose - Stack bowils " Lighting - Stack bowls - -4 Cross-embodiment - Stack bowils

Lighting Background Camera View Object Color Wrist + 3rd Person
Method LR PC SB LR PC SB LR PC SB LR PC SB LR PC SH
ACT w/o Aug 3/ 20 1 /20 0/ 20 4 /20 0 /20 0/ 20 6/ 20 3720 27120 2720 0/ 20 1/20 15/20 11/20 13720
CRAFT Pose-Only 5720 3/20 2120 7120 27120 3720 13/ 20 5120 7120 5720 2120 3/20 13 /20 8/ 20 10/ 20
ACT w/ Baseline Aug 13/ 20 9 /20 8 /20 4 /20 5720 6/ 20 14 / 20 & /20 6 /20 15720 920 11720 N/AT N/AT N/AT
CRAFT (Ours) 17/20 14/20 12/20 18/20 15/20 10/20 19/20 18/20 18/20 18/20 18/20 17720 20/20 19/20 20/20
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Thank you

Question & Disscusion
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