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ldeal Home Robot

The Jetsons cartoon (1962 -3, 1985-7)
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Desired Traits
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Challenge : Needs tons of data
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Why might natural language help?

D Compact, generalizable knowledge representation
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Enables collaboration
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How Language Helps:
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Semantics for Generalization Communicative Medium
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Semantics for Generalization

. o 1. Del-TaCo: Simultaneous Learning from Demo + Language
2. Lang4Sim2Real: Language to Bridge the Sim2Real Gap

+~{{ | sg"®s”  k ?2kis {

L) 3. MicoBot : Bidirectional Dialog for Human -Robot Collaboration

4. BookWorm : Learning to operate new devices with guidebooks
and human feedback

Future Work and Conclusion
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Semantics for Generalization

1. Del-TaCo: Simultaneous Learning from Demo + Language
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Learning new skills

Sy

Language instructions only

Demonstrations only wbOUOw
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Existing methods do not simultaneously use both
demonstrations and language to teach robots new tasks.
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DelL-TaCo
Joint Demo-Language Task Conditioning

Leverage benefits of learning with both demonstrations and language




Testing

One-shot generalization tox p 1 mew tasks (new objects, colors, shapes).

Training

Train a single multi -task policy on hundreds of tasks.
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Generalization Performance on Novel Objects, Colors, Shapes

DelL-TaCo outperforms unimodal task -conditioning methods.
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How Many Demonstrations is Language Worth?

Providing language with Del -Taco = Finetuning on 25-50 extra demos per test task.

Del-Taco

(O test task demos)
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Generalization : Learning from both demonstrations and
language with DelL-TaCo leads to better generalization than
learning from one modality.

Sample-Efficiency : DeL-TaCoreduces the need forx v T
demonstrations over policies conditioned only on
demonstrations.
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Semantics for Generalization
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Hypothesis : Semantic information in language

enables robots to bridge wide visual sim2real gaps.

Language




Semantically Similar States© Similar Actions
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Prior Work: Sim2Real

Reality

A

" _<Calibratedsim | | | Reality

A distribution of ‘ A

domain-randomized sims

Calibrated sim Reality
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Both approaches are very engineering -intensive .
Domain Randomization leads to overly conservative policies.

https://lilianweng.qgithub.io/posts/2019  -05-05-domain -randomization/
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Prior Work: Visual Pretraining
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Image Classification

Masked Image Modeling/Reconstruction
Contrastive Learning (via img aug)
Frame Temporal Ordering

Future Frame Prediction

(Radosavovic et al., 2023; Zhao et al., 2022; Gupta et al., 2022b; Seo et
al., 2023; Laskin et al., 2020; He et al., 2020; Jing et al., 2023; Zhao et al.,
2022; Yuan et al., 2022; Wang et al., 2022)

These visual representations are not robust to large domain shifts.
Our work is the first to apply vision -language pretraining for sim2real.

26



Setup + Approach



(1) Pretrain Visual Backbone

_ Pretraining
output

28
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Lang4Sim2Real : Image-Language Pretraining
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Experiments



g ®&-step Pick and Place

Wrap Wire




Success Rate (%)
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Sim2Real Results by Task: 100 realtrajs.

Stack Object

2-step Pick and Place

“No PT (sim+real) = MMD = R3M = Ours (Lang Dist)
Each bar: 2 seeds, 10 trials/seed

Wrap Wire
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Success Rate (%)
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Sim2Real Results by Task: 100 realtrajs.

Lang4Sim2Real pretraining improves sim?2real.
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Success Rate (%)
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Sim2Real Results by Task: 100 realtrajs.

Lang4Sim2Real outperforms prior sim2real approaches.
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Success Rate (%)
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Sim2Real Results by Task: 100 realtrajs.

Lang4Sim2Real outperforms prior large -scale vision-language pretraining.
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Success Rate (%)
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Sim2Real Results by Task: 100 realtrajs.

Stack Object

Language can bridge wide
sim2real gaps with

deformable objects

2-step Pick and Place

Wrap Wire

“No PT (sim+real) = MMD = R3M = Ours (Lang Dist)
Each bar: 2 seeds, 10 trials/seed
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2-step Pick and Place
Successes

Our “ rollouts (5 )
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Wrap Wire

Our “ rollouts (5 )

Failures

Potential fix: Depth information for
more accurate grasping

BN T B w
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Key Takeaways

Language can bridge the sim2real gap with domain -invariant
representations.

Our method enables leveraging low -fidelity sim data for
simZ2real transfer on deformable objects .

w

Sim Real
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Communicative Medium

L) 3. MicoBot : Bidirectional Dialog for Human -Robot Collaboration
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Mixed -Initiative Dialog
for Human -Robot
Collaborative Manipulation

Collaborators: Roberto Martin-Martin, Ray Mooney, Chengshu Li,
Luca Macesanu, Arnav Balaji, Ruchira Ray

ICRA 2026
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make drinks. Can you?

G S \
Adapt to availability and willingness

Can you help wash dishes?
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Allocate tasks by skillset
f_

make drinks. Can you?

Both initiate dialog to
collaborate better

Adapt to availability and willingness

Can you help wash dishes?
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c\%

Hypothesis :
A collaborative robot must leverage & + @& physical capabilities

and adapt to changing @& preferences and helpfulness

through bidirectional communication
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Prior Work
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Human -Initiated Dialog Robot -Initiated Dialog Mixed -Initiative Dialog
Most Modern Chatbots In Human-Robot Interaction (HRI) Jaime R. Carbonell, 1970
MOSAIC (Wang+, CoRL2024) IEEE ManMachine Systems
RoCo (Mandi+, ICRA 2024) (Deng+, 2023)
KnowNo (Ren+, CoRL2023) (Chen+, ACL 2023)

Single initiative: limited adaptability for collaboration Not shown on physical robots

MOSAIC : Huaxiaoyue Wang, Kushal Kedia, Juntao Ren, Rahma Abdullah, Atiksh Bhardwaj, Angela Chao, Kelly Y Chen, Nathaniel Chin, Prithwish Dan, Xi nyi Fan, Gonzalo Gonzalez-Pumariega, Aditya Kompella, Maximus Adrian Pace, Yash Sharma, Xiangwan
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RoCo: Zhao Mandi, Shreeya Jain, ShuranN ~ | (RbCo#DialecticMulti -M~f ~® +~zz" " f ~2aA®s~| us®r >>2«18& 7+M" A%AAI
KnowNo : Allen Z. Ren, Anushri Dixit, Alexandra Bodrova, Sumeet Singh, Stephen Tu, Noah Brown, Peng Xu, Leila Takayama, Fei Xia, Jake Varley,Zhenja X "1 - ~a «~ N~Aisqr i "]i - \Vk| gl "|]s2a irnrn 2rax {inrna] e
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Why Mixed -Initiative Dialog?

"«y p~2 rkz§ purk|] s® gt|i®
Negotiate task divisions.
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Offer to do sensitive steps.
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MICoBot

Mixed Initiative Collaborative Ro bot

I@L ) (e
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Realworld human + robot manipulation
with mixed -initiative dialog
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Robot Skill Capability
 zaa@ b

Expert
Probability of Human Helping
Based on Dialog History
& = -
i
i Who should perform this step?
Fetch O

«—t
=

Robot Performs Skill

Place packagé

Q« P2

Incapable
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Inspiration: Temporal Distance RL
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What else does MicoBot need to decide?

6sgrk” kz N®2"®kqg- Task Allocation Low -level Actions

+~| ®s| Kk i1 ~s]| ¢ @Wh@ ig A st suited to perform What low -level physical actions
7| s®s*"®k -s”*z~q0O each step? to execute?

Mk «8§~]i ®~ -s~rz~q0

What words to say to the human?
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Success (%)
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100 -
80 - Our method most effectively uses human
effort toward improving task success.
60 -
40 4 = p -
20F 02N> RAI
—(O— % Steps Completed
20 - —®— Task Success Rate
—  Qur Method
0 - - Baselines
0) 10 20 30 40 50

% Steps Done by Human
(100 = human does everything)
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Key Takeaways

. MicoBot is the first work to enable mixed -initiative dialog for
real-world HRI.

. Mixed -initiative dialog improves collaborative manipulation
and adaptiveness compared to single -initiative dialog.

I ‘!’[ )

MICoBot

Mixed -initiative dialog |
for real-world human+robot manipulation
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Communicative Medium

L)

4. BookWorm : Learning to operate new devices with
guidebooks and human feedback
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Collaborators: Ray Mooney, Roberto Martin-Martin, Will Reger,
Cosmo Wu, Da Liu

Under Submission, CoRL 2026
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Say you are a housekeeper working in a new home.

¢ C @
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Cleaning
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[BLACK+DECKER)

Indels/Modelos/Mod&es: TO1700SG, TOM701SG, TO1705SB, TO17055G, TO1700SGC
are Line: 1-800-465-6070
i . prodprotect.com/blackanddecker
o e: 1-800-465-6070
Para serviCIo® =a: www.prodprotect. com/blackanddecker
igne Service a la Clientele: 1-800-465-6070
Pour le service  la clientéle en ligne: www.prodprotect.com/blackanddecker

4-SLICE TOASTER OVEN

Product may vary slightly from what is illustrated.

1. Easy-view glass door 5. Crumb tray

2. Power indicator light 6. Bake pan/drip tray

3. Temperature selector knob 7. Slide rack/broil rack

4. Toast shade/timer knob with stay on 8. Extra deep curved interior
setting

HORNO TOSTADOR DE 4 REBANADAS

El producto puede variar ligeramente del que aparece ilustrado.
1. Puerta de vidrio transparente 5. Crumb tray
2. Luz indicadora de funcionamiento 6. Bandeja para migas removible
3. Control de temperatura 7. Parrilla corrediza/para asar
4. Perilla del nivel de tostado/reloj 8. Interior extra profundo
automético con ajuste de funcionamiento
continuo

GRILLE-PAIN FOUR A 4 TRANCHES

Le produit peut différer légérement de celui qui est illustré.

1. Porte en verre transparante 5. Plateau a miettes

2. Témain de fonctionnement 6. Plat de cuisson / Plateau d'égouttage
3. Sélecteur de température pour la cuisson 7. Grilles coulissante / Grille de lchefrite
4. Bouton de réglage du degré de grillage/ 8. Inténeur courbé

minuterie avec fonction STAY ON
EONCTIONNEMENT CONTINLL

amazon basics
N

SIMPLY
great

COFFEE

PCOS SERIES

5 Cup Coffeemaker

USER MANUAL

Compact Automatic
Bread Maker

CBK-110 SERIES

Ins tion and
‘el Booklet

NenO0K

LEA ANTES DE USAR

.com for our

tips, and to register your product

Rendez-vous sur www.hamiltonbeach.ca
pour notre liste compléte de produits et de
nos manuels utilisateur — ainsi que nos
délicieuses recettes et nos conseils !

Visite www.hamiltonbeach.com (EE. UU.)
o www.hamiltonbeach.com.mx (México)
para ver otros productos de Hamilton Beach
0 para contactarnos!

recipes,
online!

associates are ready to

USA: 1.800.851.8900

Questions ?

N'hésitez pas ﬁ' nous appeler —
vous 8

CAN : 1.800.267.2826

iPreguntas?

Por favor llimenos — nuestros

amables representantes estan

listos para A

EE. UU.: 1.800.851.8900

MEX: 01 800 71 16 100
Le invitamos a leer cuidadosamente este

PN.200656 f ? @ @ www.mrcoffee.com

instructivo antes de usar su aparato.

Honeywell Home

X2P Programmable Thermostat
RTH20B/RTHC20B (1H/1C)
RTH21B/RTHC21B (1H/1C)
RTH22B/RTHC228 (2H/2C conventional
or 2H/1C HP)

Installation and User Guide

This contains the
1) Installation and Wiring

Configur

~...JN
Beach.

Breakfast
Sandwich Maker

Grille-sandwich pour
le déjeuner

Maquina para Preparar
Sandwiches de
Desayuno

English ....
Francais..
Espanol

1-year parts and labor
peace of mind of dedic

Recipes Included!
Recettes a ['intérieur !
iRecetas Incluidas!

G | READ ALL INSTRUCTIONS BEFORE USE
For your safety wed engoyment of

ty and continued e

CHEFMAN

ROTATING
WAFFLE MAKER

USER GUIDE

this product, ahways read the instruction

AA



HOW TO MAKE YOUR FIRST POT OF COFFEE

Suggested Coffee Measurement Chart:

Insert and line the brew basket with a

paper filter or reusable filter

Reservoir.
NOTE: Some water will be absorbed into the coffee grounds and water

Step-by-Step instructions

1. Brew Bask 6. Hour/Minute Butt
2. Water Reservoir 7. Carafe

3. Brew Later Button 8. Shower Head
4. Brew Now Button 9. Warming Plate
5. Clock Display

A. Clock Display E. Minute Button
B. AM/PM indicator F. Hour Button

1 C. BrewNow Indicator  G. Brew Later Butt
D. Brew Now Button H. Brew Later Indica

H A 2 c
\ |
BrREW
vy E @
|
6 0
F 3

Challenge: Grounding

Arm movements

1. Atfterfilling the coffeemaker
with water and grounds, press
the Brew Now button to brew
instantly.

2. Brew Now light will illuminate t

indicate brewing.
3. 1he co#eemakerwarmmg

f "®®~| O4s ®a

plte isON.
Expected Dynamics

us

*ak
6~_

J& ~g?2 Kk « «

P

/|®/§-®-ij:"’\"\is|’\
* DN KI®K P
f BB ®~ |



Solution: Multi -modal Human Feedback

HOW TO MAKE YOUR FIRST POT OF COFFEE ? Why is the filter falling out?
Insert and line the brew basket 1 | %\ |

with a paper filter or reusable filter

2. Insert and line the brew basket with a standard basket-style paper filter
ely) or reusable filter (if inc X

f included
e

GET TO KNOW YOUR COFFEE MAKER UNDERSTAND YOUR CONTROL PANEL

Entity 3D Coordinates
Brew Basket : (0.3, 0.2, 0.1)
Hour button B O

65



Human Feedback is Costly.
What else can we leverage?

66



Learn new devices faster by transferring knowledge from

previous, similar devices.

USER MANUAL

o

~50 feedback
rounds

A

b 4

[BLACK+DECKER))

~10 feedback
rounds

S

A 4

A A



Key Insight : Guidebooks provide structural priors

for action generation and environmental dynamics.

ot Action Generation

T Expected Dynamics

These priors can be refined with human feedback

and transferred to efficiently learn from new guidebooks of related devices.
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Settlers unit, candidate action 1: irrigate

Features:

action = irrigate and action-word = "irrigate”
action = irrigate and state-word = "land"
action = irrigate and terrain = plains

action = irrigate and unit-type = settler
state-word = "city" and near-city = true

plains
\‘

settler unit Settlers unit, candidate action 2: build-city

Features:

action = build-city and action-word = "irrigate"
action = build-city and state-word = "land"
action = build-city and terrain = plains

action = build-city and unit-type = settler
state-word = "city" and near-city = true

Relevant text: "Use settlers to irrigate land near your city"
Predicted action words: “irrigate", "settler"

Predicted state words:  "land", "near", "city"

Unable to ground actions and
entities to the real world.
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(Zhang+, 2025)

Shape Pose Estimation| Real World
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Cannot leverage rich textual info
from guidebooks.
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['press time", "press
menu", "press start" ]

Does not learn or refine skills
needed for manipulation.
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BookWorm

Bootstrapping Object-grounded Operational Knowledge
With On-demand Robot Mentoring
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What does BookWorm need to do?

Acquire task -relevant skills based on the guidebook and task
Determine where device entities are

Predict the correct skill to execute

Ask for human feedback when skills fail
Update behavior with human feedback
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Acquire task -relevant skills based on the guidebook and task
Determine where device entities are

Guidebook
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Skill Synthesizer

Skill Coder
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Symbol Grounder

RGB-D = Keypoints
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Code -as-Policies -style python skill
functions
def grasp_and place 5 A & k
def change lid state 35 A& Kk
A

Functions based on bare -bones API:

move_to _poses A &
close gripper 35 A &
open_gripper 5 A %
press_until force 35 A S

¥2 -



Predict the correct skill to execute
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Skill Synthesizer
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Ask for human feedback when skills fall
Update behavior with human feedback
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Experimental Devices

Can BookWorm learn to + AN pF~~yW{"| ypkfzki gk p?
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How does BookWorm compare to prior code -based policy baselines?
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Code-as-Policies = PromptBook m BookWorm (Ours) 7 Step Completion Rate
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How important are individual components of BookWorm ?
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Transfer learning over multiple guidebooks and appliances

\

Jak’ SE \\u Current
i k7 s

-~ device

</>| Multi-device Skill library m & istilled Human Feedback

|
o

Learning on a single guidebook and appliance

(3) Policy- © @ !

Skill SynthESizer </> Forward Model

i HU (4a) Failure Detector

7p pPrszki

Q8i " ®K « [_] Query & help

(4b) Feedback

< Lang. Feedback
Implementer

Distilled
= Feedback

/EA



M”" G

k « «

N g9

M

k « «

N gg

Can BookWorm learn new devices faster?
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Can BookWorm learn new devices faster?

&
< Full & Partial Success Rate by Method () Human Teaching Effort (9)
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By leveraging prior device knowledge, BookWorm transfers efficiently to new (within -class)

devices with ~60% less human feedback while matching/exceeding performance.
BookWorm (ours, dev. 1+2)

. BookWorm (dev. 2)
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Key Takeaways

Guidebooks provide action, dynamics, and entity grounding
Information, each crucial to acquiring a good manipulation prior.

BookWorm enables learning new within -class devices with ~60%
less human effort.

BookWorm
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Skill prior —_ refinement 3
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Outline

Future Work and Conclusion
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Future Work: Semantics for Generalization

Building bridges with language to other modalities for better
sample efficiency

Audio
Emb. Space
>N |Ag sAR k »

Image >~ g " q3D/Depth
Emb. Space [ { f 1 NS8EBEnmpbkSpace

Tactile
Emb. Space
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Future Work: G: =3 ommunication
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MicoBot : Mixed -initiative task allocation
+ DelL-TaCo: Mixed -initiative teaching

))) ((( Mixed -initiative information sharing
A Keeping both agents safe
\—/
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