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Ideal Home Robot
The Jetsons cartoon (1962 -3, 1985-7)

"¯®~{^®k« ªk§k®s®s´k r~¯«kr~zi ®^«y«
>k^ª|« |kµ ®^«y« ©¯sgyz·

6kz§« ¯« ~| g~{§zk¶ ®^«y«
4~zz~µ« ~¯ª s|«®ª¯g®s~|« û §ªkpkªk|gk«

Desired Traits
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Challenge : Needs tons of data

"¯®~{^®k« ªk§k®s®s´k r~¯«kr~zi ®^«y«
>k^ª|« |kµ ®^«y« ©¯sgyz·

6kz§« ¯« ~| g~{§zk¶ ®^«y«
4~zz~µ« ~¯ª s|«®ª¯g®s~|« û §ªkpkªk|gk«

Desired Traits

+r^zzk|qkÐ Q|ikª«®^|is|q r~µ ®~ 
p~zz~µÛrkz§ r¯{^|«Î

ρͯπππί ~p ik{~«Û®^«y
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Why might natural language help?

Compact, generalizable knowledge representation

6kz§« ¯« ®k^gr ~®rkª«

+ª¯gs^z p~ª{ ~p g~{{¯|sg^®s~|

Enables collaboration
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P^«y 7|«®ª¯g®s~|« p~ª N^{§zk /pƑgsk|g·Communication + Collaboration

ρͯπππί of demos

ρͯπί of demos

+r^zzk|qkÐ @kki« ®~|« ~p i^®^+r^zzk|qkÐ Q|ikª«®^|is|q r~µ ®~ 
p~zz~µÛrkz§ r¯{^|«Î

How Language Helps:
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Prk«s«Ð >^|q¯^qk 7{§ª~´k« M~f~®sg 
?^|s§¯z^®s~| +^§^fszs®sk«Î

Semantics for Generalization Communicative Medium

generalization

Ä



B¯®zs|k
>^|q¯^qk 7{§ª~´k« M~f~®sg +^§^fszs®sk« ®rª~¯qrÒ
Semantics for Generalization

+~{{¯|sg^®s´k ?kis¯{

qk|kª^zsº^®s~|

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

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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B¯®zs|k
>^|q¯^qk 7{§ª~´k« M~f~®sg +^§^fszs®sk« ®rª~¯qrÒ
Semantics for Generalization

+~{{¯|sg^®s´k ?kis¯{

qk|kª^zsº^®s~|

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

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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4ÚÐÕÎɯ!ÖÛÏɯ#ÌÔÖÕÚÛÙÈÛÐÖÕÚɯÈÕËɯ
+ÈÕÎÜÈÎÌɯ(ÕÚÛÙÜÊÛÐÖÕÚɯÛÖɯ$ÍÍÐÊÐÌÕÛÓàɯ

+ÌÈÙÕɯ1ÖÉÖÛÐÊɯ3ÈÚÒÚ
Collaborators: Ray Mooney

ICLR 2023
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Ɂȱ*ÕÌÈËɯÛÏÌɯËÖÜÎÏɯÌÝÌÕÓàȱɂ Ɂȱ'ÖÖÒɯÛÏÌɯ×ÖÓÌɯÐÕÛÖɯÏÌÙÌȱɂ

Learning new skills

(ÔÈÎÐÕÌɯÓÌÈÙÕÐÕÎɯÍÙÖÔɯÖÕÓàɯÖÕÌɯÔÖËÈÓÐÛàȱ

±ƛǎǳŀƭ ŘŜƳƻƴǎǘǊŀǘƛƻƴ

[ŀƴƎǳŀƎŜ ƛƴǎǘǊǳŎǘƛƻƴ

How to cook noodles Iƻǿ ǘƻ ƳŀƪŜ ŀ ǘŜƴǘ

Demonstrations only
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Visual demonstration

[ŀƴƎǳŀƎŜ ƛƴǎǘǊǳŎǘƛƻƴ

Iƻǿ ǘƻ ƳŀƪŜ ƴƻƻŘƭŜǎ How to make a tent

'à×ÖÛÏÌÚÐÚȯɯ,ÜÓÛÐÔÖËÈÓÐÛàɯÏÌÓ×Úɯ1ÖÉÖÛÚɯÓÌÈÙÕɯÕÌÞɯÛÈÚÒÚ

Ɂȱ*ÕÌÈËɯÛÏÌɯËÖÜÎÏɯÌÝÌÕÓàȱɂ Ɂȱ'ÖÖÒɯÛÏÌɯ×ÖÓÌɯÐÕÛÖɯÏÌÙÌȱɂ
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/ÙÐÖÙɯ6ÖÙÒ
!"ɪ9ɯȹ"Ö1+ɯƖƔƖƖȺ
)ÈÕÎȮɯÌÛȭɯÈÓȭ

Policy

7|«®ª¯g®s~| 
/|g~ikª

-k{~ /|g~ikª

Action

Ɂ/ÐÊÒɯÈÕËɯ×ÓÈÊÌɯ
ÛÙÈÕÚÓÜÊÌÕÛɯÊÜ×ɂ

Existing methods do not simultaneously use both 
demonstrations and language to teach robots new tasks.

?+7>Ð +~ªk· >·|grÏ Jskªªk Nkª{^|k®Î ê>^|q¯^qk +~|is®s~|ki 7{s®^®s~| >k^ª|s|q ~´kª Q|«®ª¯g®¯ªki -^®^Îë
*+ã\ Ð /ªsg <^|qÏ "zk¶ 7ª§^|Ï ?~rs =r^|«^ªsÏ -^|skz =^§§zkªÏ 4ªkikªsy /fkª®Ï +~ªk· >·|grÏ Nkªqk· >k´s|kÏ +rkz«k^ 4s||Î ê\kª~ã«r~® P^«y 5k|kª^zsº^®s~| µs®r M~f~®sg 7{s®^®s~| >k^ª|s|qÎë

M5* 7{^qk

Demo7|«®ª¯g®s~|

,"(+ɯȹ122ɯƖƔƖƕȺ

+àÕÊÏɯȫɯ2ÌÙÔÈÕÌÛ
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Leverage benefits of learning with both demonstrations and language

DeL-TaCo
Joint Demo-Language Task Conditioning

¿Á



Training
Train a single multi -task policy on hundreds of tasks.

Testing
One-shot generalization to ρͯππ new tasks (new objects, colors, shapes).

?¯z®s®^«y J~zsg·

-k{~ 
k|g~ikª

Language 
encoder

Randomly selected task Ὗ

Learning Algorithm

"ÖÕÛÙÈÚÛÐÝÌ
+ÌÈÙÕÐÕÎ

Demo Instruction
Ɂ/ÜÛɯÝÈÚÌɪÚÏÈ×ÌËɯÖÉÑÌÊÛɯ

ÐÕɯÉÈÊÒɯÉÐÕȭɂ

+ÌÈÙÕɯ
ËÌÔÖɯǶɯÓÈÕÎÜÈÎÌɯ
ÊÖÕÛÌßÛÜÈÓɯ
ÈÚÚÖÊÐÈÛÐÖÕÚɯ
ËÜÙÐÕÎɯÛÙÈÐÕÐÕÎȱ

RGB State

Action Multitask Policy

-k{~ 
k|g~ikª

Language 
encoder

Test task ὠ
#ÌÔÖ (ÕÚÛÙÜÊÛÐÖÕ

Ɂ/ÜÛɯÛÙÈ×ÌáÖÐËÈÓɯÖÉÑÌÊÛɯ
ÐÕɯÎÙÌÌÕɯÉÐÕȭɂ

Action

◑▀▄□▫ ◑■╪▪▌ ◑▀▄□▫ ◑■╪▪▌

ȱ3ÖɯÓÌÝÌÙÈÎÌɯ
ÉÖÛÏɯÔÖËÈÓÐÛÐÌÚ
ÛÖɯÙÌÚÖÓÝÌɯÛÈÚÒɯ
ÈÔÉÐÎÜÐÛÐÌÚɯ

ËÜÙÐÕÎɯÛÌÚÛÐÕÎȭ

1&!ɯ2ÛÈÛÌ

Training Buffer
3ÈÚÒɯ╤
(ÕÚÛÙÜÊÛÐÖÕȯɯɁ/ÜÛɯÊÐÙÊÜÓÈÙɯ
ÛÈÉÓÌɯÐÕɯÙÌËɯÉÐÕȭɂ
#ÌÔÖÚȯɯ

Task ╤
Instruction : Ɂ/ÜÛɯàÌÓÓÖÞɯ
ÖÉÑÌÊÛɯÐÕɯÓÌÍÛɯÉÐÕȭɂ
Demos: ȱ

Task ╤▪
Instruction : Ɂ/ÜÛɯÝÈÚÌ-
ÚÏÈ×ÌËɯÖÉÑȭɯÐÕɯÉÈÊÒɯÉÐÕȭɂ
Demos:

Validation Buffer
Task ╥
Instruction : Ɂ/ÜÛɯÔÌÛÈÓɯ
×ÓÈÛÌɯÐÕɯÍÙÖÕÛɯÉÐÕȭɂ
Single Demo: 

Task ╥
Instruction : Ɂ/ÜÛɯÉÓÈÊÒ-
ÞÏÐÛÌɯÖÉÑÌÊÛɯÐÕɯÓÌÍÛɯÉÐÕȭɂ
Single Demo: ȱ

Task ╥□
Instruction : Ɂ/ÜÛɯtrape-
zoidal ÖÉÑȭɯÐÕɯÎÙÌÌÕɯÉÐÕȭɂ
Single Demo: 

ρππᴂί ρππᴂί ρππᴂί ρ ρ ρ
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Example Train Task
Task ID 1: Ɂ/ÜÛɯÍÖÜÕÛÈÐÕɯÝÈÚÌɯÐÕɯÎÙÌÌÕɯÉÐÕȭɂ

Example Test Task
Task ID 178: Ɂ/ÜÛɯÉÖßɯÚÖÍÈɯÐÕɯÉÈÊÒɯÉÐÕȭɂ

¿Ã



Generalization Performance on Novel Objects, Colors, Shapes
DeL-TaCo outperforms unimodal task -conditioning methods.

«®iÎ ik´Î

Á «kki« §kª zs|k 16
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How Many Demonstrations is Language Worth?

Demo-only

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

Del-Taco
(0 test task demos)
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*Ìàɯ3ÈÒÌÈÞÈàÚ

Generalization : Learning from both demonstrations and 
language with DeL-TaCo leads to better generalization than 
learning from one modality.

Sample-Efficiency : DeL-TaCo reduces the need for ͯ υπ 
demonstrations over policies conditioned only on 
demonstrations.

18



B¯®zs|k
>^|q¯^qk 7{§ª~´k« M~f~®sg +^§^fszs®sk« ®rª~¯qrÒ
Semantics for Generalization

Communicative Medium

generalization

¿Î -k>ãP^+~Ð Ns{¯z®^|k~¯« >k^ª|s|q pª~{ -k{~ û >^|q¯^qk
ÀÎ >^|qÂNs{ÀMk^zÐ >^|q¯^qk ®~ *ªsiqk ®rk Ns{ÀMk^z 5^§

ÁÎ ?sg~*~®Ð *sisªkg®s~|^z -s^z~q p~ª 6¯{^|ãM~f~® +~zz^f~ª^®s~|
ÂÎ *~~yW~ª{Ð >k^ª|s|q ®~ ~§kª^®k |kµ ik´sgk« µs®r q¯sikf~~y« 
^|i r¯{^| pkkif^gy

Future Work and Conclusion

19



-ÈÛÜÙÈÓɯ+ÈÕÎÜÈÎÌɯ"ÈÕɯ'ÌÓ×ɯ
!ÙÐËÎÌɯÛÏÌɯ2ÐÔƖ1ÌÈÓɯ&È×

Collaborators: Ray Mooney, Roberto Martín-Martín, Addie Foote

RSS 2024
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Sim Mk^z

+ÈÕÎÜÈÎÌ

Hypothesis : Semantic information in language
enables robots to bridge wide visual sim2real gaps.

Domain Gap

À¿



Semantically Similar States O  Similar Actions

ɁÎÙÐ××ÌÙɯÏÖÓËÐÕÎɯÉÙÌÈËɯ
ÈÉÖÝÌɯÊÖÈÚÛÌÙȭɂ

ɁÎÙÐ××ÌÙɯÏÖÓËÐÕÎɯÊÈÙÙÖÛɯ
ÈÉÖÝÌɯàÌÓÓÖÞɯÚØÜÈÙÌȭɂ

%ÙÖÔɯÉÖÛÏɯÚÛÈÛÌÚȮɯÛÏÌɯÙÖÉÖÛɯÚÏÖÜÓËɯÖ×ÌÕɯÛÏÌɯÎÙÐ××ÌÙɯÛÖɯ×ÓÈÊÌɯÛÏÌɯÖÉÑÌÊÛȭ

ÀÀ



CNN
“ 

head
ὼ

ώ
ᾀ

ɁÎÙÐ××ÌÙɯÏÖÓËÐÕÎɯÉÙÌÈËɯ
ÈÉÖÝÌɯÊÖÈÚÛÌÙȭɂ

ɁÎÙÐ××ÌÙɯÏÖÓËÐÕÎɯÊÈÙÙÖÛɯ
ÈÉÖÝÌɯàÌÓÓÖÞɯÚØÜÈÙÌȭɂ

#ÖÔÈÐÕɯ(ÕÝÈÙÐÈÕÛɯ1Ì×ÙÌÚÌÕÛÈÛÐÖÕÚ

Learned Representation Space

23



+@@
“ 

head
ὼ

ώ
ᾀ

ɁÎÙÐ××ÌÙɯÏÖÓËÐÕÎɯÔÐÓÒɯ
ÕÌßÛɯÛÖɯÊÖÈÚÛÌÙȭɂ

ɁÎÙÐ××ÌÙɯÞÙÈ××ÐÕÎɯ
ÉÓÌÕËÌÙɯÞÐÙÌȭɂ

Learned Representation Space

#ÖÔÈÐÕɯ(ÕÝÈÙÐÈÕÛɯ1Ì×ÙÌÚÌÕÛÈÛÐÖÕÚ

24



Prior Work: Sim2Real

https://lilianweng.github.io/posts/2019 -05-05-domain -randomization/
Y¯ûÀ¾¿ÅÐ Wk|r^~ Y¯Ï <sk P^|Ï + =^ªk| >s¯Ï ^|i 5ªkq P¯ªyÎ êJªk§^ªs|q p~ª ®rk ¯|y|~µ|Ð >k^ª|s|q ^ ¯|s´kª«^z §~zsg· µs®r ~|zs|k sys®k{ sik|®spsg^®s~|Îë MNN À¾¿ÅÎ
Tobin+2017: Josh Tobin, Rachel Fong, Alex Ray, Jonas Schneider, Wojciech Zaremba, and Pieter AbbeelÎ ê-~{^s| M^|i~{sº^®s~| p~ª Pª^|«pkªªs|q -kk§ @k¯ª^z @k®µ~ªy« pª~{ Ns{¯z^®s~| ®~ ®rk Mk^z W~ªziÎë 7MBN À¾¿ÅÎ

N·«®k{ 7ik|®sƑg^®s~| ÝY¯û À¾¿ÅÞ -~{^s| M^|i~{sº^®s~| ÝP~fs|û À¾¿ÅÞ

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

25
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Prior Work: Visual Pretraining

Vs«s~|ã~|z· Jªk®ª^s|s|q Vision-language Pretraining

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) 

Img/Lang Retrieval
Contrastive Learning ( img -lang)
Language Embedding Prediction
Captioning/VQA
Open -vocab Object Detect./Segment.
(Radford et al., 2021; Zhai et al., 2021; Zhu et al., 2023; Nair et al.,
2022; Shridhar et al., 2021, 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

ÀÅ



Pretrain Visual Backbone1

Visual 
Enc.

Pretraining 
output

28



4s|k®¯|k J~zsg· 6k^iÀ

Visual 
Enc.

“ 
head

ὼ

ώ
ᾀ
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Ὅ

Ὅ

Lang4Sim2Real : Image-Language Pretraining

CNN LLM

>^|q¯^qkãªkq¯z^ªsºki +@@ §ªk®ª^s|s|q ´^ªs^|®«

Ὢ

Ὢ

Ὢ

Ὢ

Lang 
pred.
Ὣẗ

Ὢ

Ὢ

Ὢ

Ὢ

Ὢ

Ὢ

A. Regression-based B. Distance-based

Ὢ

Ὢ
Ὠ

Ὢ
Ὢ

Ὠ

ὰ

ὰ

ɁÎÙÐ××ÌÙɯÏÖÓËÐÕÎɯ
ÉÙÌÈËɯÖÝÌÙɯÚØÜÈÙÌɂ

ɁÎÙÐ××ÌÙɯÏÖÓËÐÕÎɯÊÈÙÙÖÛɯ
ÖÝÌÙɯàÌÓÓÖÞɯÔÈÛɂ

30



Experiments

Á¿



N®^gy Bfxkg®2-step Pick and Place Wrap Wire

ᴽ ᴽ ᴽ

32
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Sim2Real Results by Task: 100 real trajs.
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Sim2Real Results by Task: 100 real trajs.

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

Lang4Sim2Real pretraining improves sim2real.
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Sim2Real Results by Task: 100 real trajs.

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

Lang4Sim2Real outperforms prior sim2real approaches.
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Sim2Real Results by Task: 100 real trajs.

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

Lang4Sim2Real outperforms prior large -scale vision-language pretraining.
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Language can bridge wide 
sim2real gaps with 
deformable objects
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2-step Pick and Place
Our “ rollouts (5 )Successes Failures

38



Wrap Wire
Our “ rollouts (5 )Successes Failures

Potential fix: Depth information for 
more accurate grasping

39



Key Takeaways

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

Our method enables leveraging low -fidelity sim data  for 
sim2real transfer on deformable objects .

Language

Sim Real
40



Outline
>^|q¯^qk 7{§ª~´k« M~f~®sg +^§^fszs®sk« ®rª~¯qrÒ
Semantics for Generalization

Communicative Medium

generalization

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

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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Mixed -Initiative Dialog
for Human -Robot 

Collaborative Manipulation
Collaborators: Roberto Martín -Martín, Ray Mooney, Chengshu Li, 

Luca Macesanu, Arnav Balaji, Ruchira Ray

ICRA 2026
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7{^qs|k §ªk§^ªs|q p~ª ^ is||kª §^ª®· µs®r ^ pªsk|iÒ
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Sure, I make the best smoothies.

7 g^| g~~yÏ f¯® i~|í® y|~µ r~µ ®~ 
make drinks. Can you?

@~Ï 7í{ f¯«· ´^g¯¯{s|q ®rk pz~~ªÎ

Can you help wash dishes?

Allocate tasks by skillset

Adapt to availability and willingness
44



Sure, I make the best smoothies.

7 g^| g~~yÏ f¯® i~|í® y|~µ r~µ ®~ 
make drinks. Can you?

@~Ï 7í{ f¯«· ´^g¯¯{s|q ®rk pz~~ªÎ

Can you help wash dishes?

Allocate tasks by skillset

Adapt to availability and willingness

Both initiate dialog to 
collaborate better

45



M~f~®« «®ª¯qqzk ~| g~{§zk¶ ®^«y«Ò

46



Ò^|i |kki ®~ g~zz^f~ª^®k ^|i g~{{¯|sg^®k µs®r r¯{^|«Î
47



Hypothesis :
A collaborative robot must leverage + physical capabilities

and adapt to changing preferences and helpfulness

through bidirectional communication .

48



Prior Work

Human -Initiated Dialog
Most Modern Chatbots

Robot -Initiated Dialog
In Human-Robot Interaction (HRI)

MOSAIC (Wang+, CoRL 2024)
RoCo (Mandi+, ICRA 2024)
KnowNo  (Ren+, CoRL 2023)

Mixed -Initiative Dialog
Jaime R. Carbonell, 1970

IEEE Man-Machine Systems
(Deng+, 2023)

(Chen+, ACL 2023)

Single initiative: limited adaptability for collaboration

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 
Sun, Neha Sunkara, Sanjiban +r~¯ir¯ª·Î ê?BN"7+Ð ?~i¯z^ª 4~¯|i^®s~| ?~ikz« p~ª "««s«®s´k ^|i 7|®kª^g®s´k +~~ys|qÎë CoRL 2024.
RoCo: Zhao Mandi, Shreeya Jain, Shuran N~|qÎ êRoCo: Dialectic Multi -M~f~® +~zz^f~ª^®s~| µs®r >>?«Îë 7+M" À¾ÀÂÎ
KnowNo : Allen Z. Ren, Anushri Dixit, Alexandra Bodrova , Sumeet Singh, Stephen Tu, Noah Brown, Peng Xu, Leila Takayama, Fei Xia, Jake Varley, Zhenjia X¯Ï -~ª«^ N^isqrÏ "|i· \k|qÏ "|sª¯ir^ ?^x¯{i^ªÎ êM~f~®« Pr^® "«y 4~ª 6kz§Ð Q|gkª®^s|®· "zsq|{k|® p~ª 
>^ªqk >^|q¯^qk ?~ikz Jz^||kª«Îë CoRL 2023.
Deng : Yang Deng, Wenxuan \r^|qÏ Yspks Y¯^|Ï W^s >^{Î ê=|~µzkiqk-enhanced Mixed -s|s®s^®s´k -s^z~q¯k N·«®k{ p~ª /{~®s~|^z N¯§§~ª® +~|´kª«^®s~|«Îë "+> À¾ÀÁ.
Chen : Maximillian Chen, Xiao Yu, Weiyan NrsÏ Qª´s "µ^«®rsÏ \r~¯ Y¯Î ê+~|®ª~zz^fzk ?s¶ki-7|s®s^®s´k -s^z~q¯k 5k|kª^®s~| ®rª~¯qr Jª~{§®s|qÎë "+> À¾ÀÁÎ

Not shown on physical robots
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Why Mixed -Initiative Dialog?

"«y p~ª rkz§ µrk| s® g^|í® i~ «~{k®rs|qÎ
Negotiate task divisions.

Offer to do sensitive steps.
N^· µr^® ®rk· µ~|í® i~Î
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MICoBot
M ixed Initiative Collaborative Ro bot

Real-world human + robot manipulation
with mixed -initiative dialog

51



Unlikely

IncapableExpert

Likely

Robot Performs Skill Robot Negotiates for Human Help

Please open the package.

7 g^|í®Î

I can bring you scissors.

ẗẗẗ

Robot Skill Capability

Probability of Human Helping
Based on Dialog History

Fetch Pour Q«k

Grab package

Go to kitchen

Place package

Who should perform this step?

~~~
ĂĂĂ

Fetch Pour Q«k
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?k®ªsgÐ Wr~ i~k« µr^®Õ

We want Ὢὥ such that:
Ὢ ὥ Ὢ ὥᴼ  Jkªp~ª{« ̂g®s~| ὥ

Ὢ ὥ Ὢ ὥᴼ Jkªp~ª{« ̂g®s~| ὥ

If ὸᶅȟὶ ρȟ and ‎ ρ:

ὗίȟὥ Π timesteps to success on ὥ from  ί

Inspiration: Temporal Distance RL
Vivek Myers, Chongyi  Zheng, Anca Dragan, Sergey Levine, Benjamin EysenbachÎ ê>k^ª|s|q Pk{§~ª^z -s«®^|gk«Ð +~|®ª^«®s´k N¯ggk««~ª 4k^®¯ªk« +^| 
Provide a Metric Structure for Decision -?^ys|qÎë
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What else does MicoBot  need to decide?

Task Allocation

Who is best suited to perform 
each step?

6sqrã>k´kz N®ª^®kq·

+~|®s|¯k i~s|q ®^«yÕ
7|s®s^®k -s^z~qÕ

Mk«§~|i ®~ -s^z~qÕ

Jª~§~«k ^ µ^· ®~ «§zs® ®rk ®^«yÕ

@kq~®s^®k p~ª r¯{^| rkz§Õ

Low -level Actions

What low -level physical actions 
to execute?

What words to say to the human?

ÃÂ



Iterative PlannerMeta Planner Action Executor

ȟ ȟȣ
Best Alloc .

Code Executor

rkz§ k«®s{^®~ª

ὗ functions
(learned from simulation)

Physical

Verbal

Mobile Manipulation Primitives

Arm + Base
Joint Commands

Task Allocation Coder

H_init_dialog = True

H_dialog_type = ñallocationò

é

Ɂ"ÖÜÓËɯàÖÜɯÖ×ÌÕɯÛÏÌɯ×ÈÊÒÈÎÌȳɂ

 is^z~q ^g®s~|

MICoBot

Jacky Liang, Wenlong  Huang, Fei Xia, Peng Xu, Karol Hausman, Brian 
IchterÏ Jk®k 4z~ªk|gkÏ ^|i "|i· \k|qÎ êCode as Policies : Language 
?~ikz Jª~qª^{« p~ª /{f~iski +~|®ª~zÎë 7+M" À¾ÀÁÎ 55
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Mk^z W~ªzi Q«kª N®¯isk« Ýὲ ρψÏ σ ®^«y«Þ

Our method most effectively uses human 
effort toward improving task success.

όǘŀǎƪ ŀƭƭƻŎŀǘƻǊΣ ŘƛŀƭƻƎύ

(100 = human does everything)
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Key Takeaways
1. MicoBot  is the first work to enable mixed -initiative dialog for 

real-world HRI.

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

MICoBot
Mixed -initiative dialog

for real -world human+robot  manipulation 58



B¯®zs|k
>^|q¯^qk 7{§ª~´k« M~f~®sg +^§^fszs®sk« ®rª~¯qrÒ
Semantics for Generalization

Communicative Medium

generalization

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

3. MicoBot : Bidirectional Dialog for Human -Robot Collaboration
4. BookWorm : Learning to operate new devices with 
guidebooks and human feedback

4¯®¯ªk W~ªy ^|i +~|gz¯«s~|
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3ÙÈÕÚÍÌÙɯ+ÌÈÙÕÐÕÎɯÐÕɯ
&ÜÐËÌÉÖÖÒɯ&ÙÖÜÕËÐÕÎɯÞÐÛÏɯ
'ÜÔÈÕɯ%ÌÌËÉÈÊÒɯÍÖÙɯ1ÖÉÖÛɯ

,ÈÕÐ×ÜÓÈÛÐÖÕ
Collaborators: Ray Mooney, Roberto Martín-Martín, Will Reger, 

Cosmo Wu, Da Liu

Under Submission, CoRL 2026
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ᴼ

Say you are a housekeeper working in a new home.
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6~µ µ~¯zi ·~¯ Ƒq¯ªk ~¯® r~µ ®~ §kªp~ª{ ®^«y« µs®r |kµ ^§§zs^|gk«Õ

Cooking

?^ys|q -ªs|y«

Cleaning

62



Guidebooks

ÄÁ



Challenge: Grounding

/|®s®· Á- +~~ªis|^®k«
*ªkµ *^«yk®Ð Ý¾ÎÁÏ ¾ÎÀÏ ¾Î¿Þ
6~¯ª f¯®®~|Ð Ò

Arm movements

Insert and line the brew basket with a 
paper filter or reusable filter

Step-by-Step instructions

"p®kªÒ§ªk««áing ] the Brew Now 
f¯®®~|Òás®â µszz szz¯{s|^®kÎ

Expected Dynamics Jª~qªk«« Pª^gys|q

ÄÂ



Solution: Multi -modal Human Feedback

Entity 3D Coordinates
Brew Basket : (0.3, 0.2, 0.1)
Hour button Ð Ò

Arm trajectory adjustments

Insert and line the brew basket 
with a paper filter or reusable filter ?~´k ·~¯ª ^ª{ z~µkªÎ

7í́k gsªgzki s®Î

7 g^|í® ps|i ®rk fªkµ f^«yk®Î

Why is the filter falling out?
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Human Feedback is Costly.
What else can we leverage?

ᴼ

/¶§kªsk|gk µs®r §ªk´s~¯« 
«s{sz^ª ik´sgk«

66



~50 feedback 
rounds

~10 feedback 
rounds

=|~µzkiqk Pª^|«pkª

Learn new devices faster by transferring knowledge from 
previous, similar devices.

ÄÅ



Key insight : Guidebooks provide structural priors
for action generation and environmental dynamics.

These priors can be refined with human feedback

Skill prior

Action Generation

Expected Dynamics

Nyszz û J~zsg·
MkƑ|k{k|®

Knowledge Transfer

and transferred to efficiently learn from new guidebooks of related devices.
68



Jªs~ª W~ªyÐ >k^ª|s|q pª~{ ?^|¯^z«

NM= *ª^|^´^|Ï -^´si Nsz´kªÏ Mkqs|^ *^ªºsz^·Î ê>k^ª|s|q ®~ Ws| f· Mk^is|q ?^|¯^z« s| ^ ?~|®k-+^ªz~ 4ª^{kµ~ªyÎë <"7M À¾¿ÀÎ
Jian Zhang, Hanbo Zhang, Anxing  Xs^~Ï -^´si 6«¯Î êM~f~® B§kª^®s~| ~p 6~{k "§§zs^|gk« f· Mk^is|q Q«kª ?^|¯^z«Îë arxiv 2025.
Chenrui  Tie, Shengxiang  Sun, Jinxuan Zhu, Yiwei Liu, Jingxiang  Guo, Yue Hu, Haonan Chen, Junting  Chen, Ruihai W¯Ï >s| Nr^~Î ê?^|¯^zÀNyszzÐ >k^ª|s|q ®~ Mk^i ?^|¯^z« ^|i "g©¯sªk M~f~®sg Nyszz« p~ª 4¯ª|s®¯ªk "««k{fz· Q«s|q Vs«s~|-Language M~ikz«Îë arxiv 2025.

>k^ª|s|q ®~ Jz^· +s´szsº^®s~| 77 pª~{ ?^|¯^z«
Ý*ª^|^´^|ûÏ <"7M À¾¿ÀÞ

Unable to ground actions and 
entities to the real world.

Symbolic Dynamics Models from Manuals
(Zhang+, 2025)

IKEA assembly from visual diagrams
(Zhang+, 2025)

Does not learn or refine skills 
needed for manipulation.

Cannot leverage rich textual info 
from guidebooks.

ÄÇ



BookWorm
Bootstrapping Object -grounded Operational Knowledge

W ith On-demand Robot Mentoring

/¶®ª^g®s|q Pª^|«pkªª^fzk "g®s~| ^|i -·|^{sg« Jªs~ª« pª~{ 5¯sikf~~y« µs®r 6¯{^| MkƑ|k{k|®

70



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

Å¿



Skill Synthesizer

6~µ *~~yW~ª{ W~ªy«

Guidebook

Symbol Grounder

diagrams

Entity ὼȟώȟᾀ

Code -as-Policies -style python skill 
functions

def grasp_and_place ƽƛƾƙ
def change_lid_state ƽƛƾƙ
ƛ

Functions based on bare -bones API:
move_to_poseƽƛƾ
close_gripper ƽƛƾ
open_gripper ƽƛƾ
press_until_force ƽƛƾ

+~ikã̂ «ãJ~zsgsk«Ð <^gy· >s^|qÏ Wk|z~|q 6¯^|qÏ 4ks Xs^Ï Jk|q X¯Ï =^ª~z 6^¯«{^|Ï *ªs^| 7gr®kªÏ Jk®k 4z~ªk|gkÏ "|i· \k|qÎ ê+~ik ^« J~zsgsk«Ð >^|q¯^qk ?~ikz Jª~qª^{« p~ª /{f~iski +~|®ª~zÎë

Skill Coder

/|®s®· @^{k«

RGB-D  Keypoints

Acquire task -relevant skills based on the guidebook and task
Determine where device entities are
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Policy-
Forward Model Ƕί

ὥ

7{^qk Bf«

grasp_and_place ƽƧÆÉÌÔÅÒƨƗ Ƨbrew_basket ƨƾ

êPrk psz®kª s« «|¯qz· s| ®rk fªkµ 
f^«yk®Îë

Skill Synthesizer

Predict the correct skill to execute

73



Ƕί

ὥ

7{^qk Bf«

Policy-
Forward Model

Skill Synthesizer
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Ƕί

ὥ ί

Failure Detector

Query help

7p p^szkiÒ

Lang. Feedback
Feedback 

Implementer

Nyszz +~ik Q§i^®k

:Ɂ3ÙàɯÛÖɯÎÌÛɯÛÏÌɯÍÐÓÛÌÙɯÏÐÎÏÌÙɯȹǶáɯËÐÙÌÊÛÐÖÕȺɯÉÌÍÖÙÌɯ×ÜÛÛÐÕÎɯÛÏÌɯÍÐÓÛÌÙɯÐÕȭɂ

-s«®szzki
4kkif^gy

Policy-
Forward Model

Skill Synthesizer

Ask for human feedback when skills fail
Update behavior with human feedback

Ɂ%ÐÓÛÌÙɯÐÕÚÌÙÛÐÖÕɯÙÌØÜÐÙÌÚɯÈɯÏÐÎÏÌÙɯ
ÞÈà×ÖÐÕÛɯÉÌÍÖÙÌɯÎÙÐ××ÌÙɯÖ×ÌÕÚȭɂ

Context UpdateBM
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Can BookWorm  learn to 
operate a single device ?

Experimental Devices
+^| *~~yW~ª{ ®ª^|«pkª y|~µzkiqk pª~{ ~|k 

ik´sgk ®~ zk^ª| ^ |kµ ~|k p^«®kªÕ

Ɂ3ÜÙÕɯÖÍÍɯÚÊÏÌËÜÓÌɯÚÌÛÛÐÕÎÚȭɂ

Ɂ!ÙÌÞɯÊÖÍÍÌÌɯÕÖÞɯÈÕËɯÈËÑÜÚÛɯÛÐÔÌɯ
ÉàɯƖɯÏÖÜÙÚȭɂ

Ɂ!ÙÌÞɯÊÖÍÍÌÌɯÕÖÞɯÈÕËɯÈËÑÜÚÛɯÛÐÔÌɯÉàɯƖɯÏÖÜÙÚȭɂ

Ɂ,ÈÒÌɯÈɯÓÐÎÏÛɯÉÙÖÞÕɯÞÈÍÍÓÌȭɂ
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How does BookWorm  compare to prior code -based policy baselines?

Code-as-Policies PromptBook BookWorm (Ours) Step Completion Rate

Thermostat Mr. Coffee Maker

Ý|þ¿¾ Û f^ªÞ
Jª~{§®*~~yÐ ?~|®«kªª^® 5~|º^zkº "ªk|^«Ï Pki Xs^~Ï N¯{kk® Ns|qrÏ Vsirs <^s|Ï "zzk| \Î Mk|Ï L¯^| V¯~|qÏ <^yk V^ªzk·Ï "zk¶^|ikª 6kªº~qÏ 7«^fkz >k^zÏ Nk^| =sª{^|sÏ -~ª«^ 
N^isqrÏ Vsy^« Ns|irµ^|sÏ =^|s«ry^ M^~Ï <^gy· >s^|qÏ "|i· \k|qê6~µ ®~ Jª~{§® Y~¯ª M~f~®Ð " Jª~{§®*~~y p~ª ?^|s§¯z^®s~| Nyszz« µs®r +~ik ^« J~zsgsk«Îë 80
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How important are individual components of BookWorm ?

BookWorm (Ours) Step Completion Rate No Guidebook No Human Feedback No Next State Pred.

Thermostat Mr. Coffee Maker

(n=10 / bar) Æ¿



Learning on a single guidebook and appliance

(3) Policy-
Forward Model

Ƕί

ὥ ί

(4a) Failure Detector

Query help

7p p^szkiÒ

Lang. Feedback
(4b) Feedback 
Implementer

Q§i^®k«

Distilled
Feedback

Multi -device Skill library ɱ Distilled Human Feedback

Transfer learning over multiple guidebooks and appliances

Jªk´s~¯« 
ik´sgk

Current 
device

Skill Synthesizer

ÆÀ
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4¯zz ĉ J^ª®s^z N¯ggk«« M^®k f· ?k®r~i ÝŷÞ
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BookWorm  (ours, dev. 1)

VLM + All Feedback VLM + All Feedback (dev. 1+2)

Zero-shot (dev. 1)

BookWorm  (dev. 2)

BookWorm  (ours, dev. 1+2)
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Can BookWorm learn new devices faster?
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Full & Partial Success Rate by Method (ŷ)
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BookWorm  (ours, dev. 1)

VLM + All Feedback V>? û "zz 4kkif^gy Ýik´Î ¿ûÀÞ

Zero-shot (dev. 1)

BookWorm  (dev. 2)
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-k´sgk ¿ ?k®r~i« Device 2 Methods

Can BookWorm learn new devices faster?
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Full Success Rate Step Completion RateBy leveraging prior device knowledge, BookWorm  transfers efficiently to new (within -class) 
devices with ~60% less human feedback while matching/exceeding performance.
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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.

Skill prior

Skill/Policy
refinement

BookWorm

ÆÄ



Outline
>^|q¯^qk 7{§ª~´k« M~f~®sg +^§^fszs®sk« ®rª~¯qrÒ
Semantics for Generalization

Communicative Medium

qk|kª^zsº^®s~|

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

3. MicoBot : Bidirectional Dialog for Human -Robot Collaboration
4. BookWorm : Learning to operate new devices with guidebooks 
and human feedback

Future Work and Conclusion

ÆÅ



Future Work: Semantics for Generalization

Building bridges with language to other modalities for better 
sample efficiency

Image
Emb. Space

>^|q¯^qk
/{fÎ N§^gk

3D/Depth
Emb. Space

Tactile
Emb. Space

Audio
Emb. Space

>^|qÂ«s{Àªk^z
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Future Work:    Communication

5~s|q fk·~|i ®^«y ^zz~g^®s~| is^z~qÒ

MicoBot : Mixed -initiative task allocation
+ DeL-TaCo: Mixed -initiative teaching

Mixed -initiative information sharing
ÅKeeping both agents safe
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