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Robot Dreams

Elektro the robot Rosey the Robot
World’s Fair (1939) The Jetsons (~1960s)

Rossun}’s Universal Robots
Karel Capek (1920)
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RDLU (Terry Winograd, 1971

Md &t( ntich is farller i Fae ore 9. can the table pick up blocks?
3 4 i ¢ e Ore
7o e s NO.
rW{ e JOM’{‘] m‘{,m} ’{ ”1{0 27‘ [iu The semantic rules make this a nonsensical
question which therefore must be false.
.5:” :l.{': L{f MMW{ BRI ﬁg M 10, can a2 pyramid be supported by a block?
wheachi s Baller Haazre e ome S am éziﬁ;{¢ YES.

The deductlive system finds an actual example,
: so It knows this is possible,

11. can a pyramid support a pyramid?

| DON'T KNOW,

The question makes sense, but there Is no
example in the scene, so there [Is no easy way
to tell without being able to examine the
robot's programs,

12. stack up two pyramids,

| CAN'T.
The robot tries and falls,
Blice 13, the blue pyramid Is nice,
| | UNDERSTAND.
This data is added to the data base.
| 14, 1 like blocks which are not red, but | don't like anything
| | A 111 which supports a pyramid.
| : / \\\ : ! I UNDERSTAND.
N
red V/ \ N —— Two new theorems are created for proving
‘\ y’ LU "
-7 - things about "1iking".
Swe _\.
15. do 1 1lke the box?
| NO.
qu!r" The box supports whatever [t contalns,

including a pyramid,
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7, model demo (Physical Intelligence, 2025)
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http://www.youtube.com/watch?v=Zn8yMaepzVk&t=37

Today’s Talk

What makes robotics challenging?

(Brief) history to understand LLMs for robotics
VLA Training and Insights

Data Landscape

Evaluation and Generalization

Open Questions
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Scope + Terms

This talk will focus on LLMs and
ideas you've been learning about all
semester applied to robotics

Robotics — physical hardware
Embodied Al — broader category of

agents that can take actions in
environments




Why is robotics hard?

From language to physical action

TTTTTT
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“*Make me a cup of tea”

Imagine you are
a robot viewing
this kitchen
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*Make me a cup of tea”

Language Understanding
What does “make tea” mean?
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Y

“*Make me a cup of tea’

Language Understanding
What does “make tea” mean?

Scene Understanding
What is in front of me?
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*Make me a cup of tea”

Language Understanding
What does “make tea” mean?

Scene Understanding
What is in front of me?

Planning
Given what I understand /see,
what steps do I take?

Pick Kettle

3 Add Tea Bag

(&

to Mug

Pour Kettle...
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*Make me a cup of tea”

|
- SLAM Point Cloud

—e— Trajectory Planner (A*)
. . Object Detection

Language Understanding
What does “make tea” mean?

Scene Understanding
What is in front of me?

Planning
Given what I understand /see,
what steps do I take?

Navigation
Where am [? Where do I go?

I T
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*Make me a cup of tea”

Manipulation
How do I pick up objects? Where do
I grasp? How hard do I grip and tilt?
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“*Make me a cup of tea” Cat!

Manipulation
How do I pick up objects?
How hard do I grip and tilt?

Nonstationary Environments
The world is changing!
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*Make me a cup of tea”

Manipulation
How do I pick up objects?
How hard do I grip and tilt?

Nonstationary Environments
The world is changing!

Long-Horizon Problem
5 min = 84,000 motor commands
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*Make me a cup of tea”

Manipulation
How do I pick up objects?
How hard do I grip and tilt?

Nonstationary Environments
The world is changing!

Long-Horizon Problem
5 min = 84,000 motor commands

Reliability
Needs to work 99.X% of the time!
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What robotics

challenges can
LLMs help
address?

Language Understanding
Scene Understanding
Planning

Navigation

Manipulation
Nonstationary World
Long-Horizon Tasks
Reliability
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A (Brief) History
When and why did roboticists start
using LLMs for robots?

TTTTTT
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Classical Planning

appl

(At robot shelf)
(At apple shelf)
(At banana shelf)
(HandEmpty robot)

Move (shelf, Pick(apple,
desk) shelf)

(At robot desk) (At robot shelf)
(At apple shelf) (At banana shelf)
(At banana shelf) (Holding robot apple)

(HandEmpty robot)

Move (shelf, table) Pick (banana, shelf)

(At robot table)
(At apple shelf)
(At banana shelf)
(HandEmpty robot)

(At robot shelf)
(At apple shelf)
(Holding robot banana)

(define

(domain vehicle)

(:requirements :strips :typing)

(:types vehicle location fuel-level)

(:predicates (at ?v - vehicle ?p - location)

(fuel ?v - vehicle ?f - fuel-level)
(accessible ?v - vehicle ?pl ?p2 - location)
(next ?fl1 7?f2 - fuel-level))

(:action drive
:parameters (?v - vehicle ?from ?to - location
?fbefore ?fafter - fuel-level)
:precondition (and (at ?v ?from)
(accessible ?v ?from ?to)
(fuel ?v ?fbefore)
(next ?fbefore 7?fafter))
(and (not (at ?v ?from))
(at ?v ?to)
(not (fuel ?v ?fbefore))
(fuel ?v ?fafter))

:effect

Figure 2: A domain description in PDDL.
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Learning-Based Approaches

Reinforcement Learning Imitation Learning

Policy
Reward

| mimic demonstrations
from the expert

L
1 A

Agent

Robot Simulation



RT-1 Robotics Transformer (2022)

Instruction Action
Mode Arm Base

Transformer
trained on
130,000
demonstrations
across 700 tasks

Trained with
imitation
learning on
demonstrations

Pick apple from top drawer and place on counter
RT-1

3Hz

FiLM
EfficientNet TokenLearner Transformer

(a) RT-1 takes images and natural language instructions and outputs discretized base and arm actions. Despite
its size (35M parameters), it does this at 3 Hz, due to its efficient yet high-capacity architecture: a FiLM (Perez
et al., 2018) conditioned EfficientNet (Tan & Le, 2019), a TokenLearner (Ryoo et al., 2021), and a Trans-
former (Vaswani et al., 2017).

s

Trained on 700+ tasks, 130k demonstrations Long-horizon tasks New data sources

Generalizes to tasks

RT-1: Robotics Transformer for Real-World Control at Scale, https: //arxiv.org/abs/2212.06817



Gaps in 2022

What worked (in controlled labs):

e Perception (detection and
segmentation)

e Short-horizon manipulation

e Task-specific learned policies
via RL or imitation learning
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Gaps in 2022

What worked (in controlled labs):

Perception (detection and
segmentation)

Short-horizon manipulation
Task-specific learned policies
via RL or imitation learning

What was missing?
e Commonsense
world knowledge
e Open-ended
language
understanding
e Task
decomposition
e Long-horizon
reasoning
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Gaps in 2022

What worked (in controlled labs):

Perception (detection and
segmentation)

Short-horizon manipulation

ies
via RL or imitation learning /

Task-specific learned polic

LLMs can help here!

What was missing?
¢ Commonsense

world knowledge
Open-ended
language
understanding
Task
decomposition
Long-horizon
reasoning
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How can we connect the knowledge
in LLMs to a policy controlling a
robot body?
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SayCan (LLM never sees robot data)

Instruction Relevance with LLMs

How would you put
an apple on the -30
table? 230

| would: 1.

7 -
LLM -10
-20

| would: 1. Find an apple, 2.

e

Do As I Can, Not As I Say: Grounding Language in Robotic Affordances, https: //arxiv.org/abs/2204.01691

Combined

Find an apple
Find a coke
Find a sponge
Pick up the apple
Pick up the coke

Place the apple
Place the coke
Go to the table

Go to the counter

Task Affordances with Value Functions

0.6
0.6
0.6
0.2
0.2

0.1
0.1
0.8
0.8

:

Value
Functions

Frozen LLM proposes
candidate steps

Affordance function
scores each step (can
the robot do this, given
its current state)

Highest-scoring
feasible action gets
executed



Training-Free Approaches

Code as Policies (2022)
ProgPrompt (2023)
VoxPoser (2023)
ProVox (2025)

OWL-TAMP (2026)

Philosophy: Compose
frozen foundation models
with existing controllers,
planners, and /or verifiers
at inference time!



https://code-as-policies.github.io
https://arxiv.org/abs/2209.11302
https://voxposer.github.io
https://arxiv.org/abs/2506.12248
https://arxiv.org/abs/2411.08253

OWL-TAMP

(a) Plan Sketch
7T = [detach(" - near the @ and &", ...)]

Vision

— Language
. y " Model conditiori\al generation

1 (b) Continuous Constraints =
def test_banana_pose(p) -> bool:
; = di 0.05
Put the & near the other fruit close_toapple = dist(p, apple.pose) <

close_to_pear = dist(p, pear_pose) < .05
return close_to_apple and close_to_pear

(c) Task and Motion Planner [

Constrained Task Planning
€) [attach(«, ...), detach(" « near the @ and W", ...)]

(] [attach(@, v )y detach(ﬁ ...), attach(&, ...), refinement
detach(" « near the @ and ", ...)]

Evaluate Constraints

Backtrack upon failure

Open-World Task and Motion Planning via Vision-Language Model Generated Constraints, https: //arxiv.org/abs/2411.08253

Execute plan



RT-2 Robotics Transformer

Internet-Scale VQA + Robot Action Data Vision-Language-Action Models for Robot Control
Q: What is happening Q: What should the robot
in the image? do to <task>? A: ... RT-2

A grey donkey walks
down the street.

Q: Que puis-je faire avec ViT ' =y ¥

ces objets?

[Faire cuire un géteau.] )

Closed-Loop
Robot Control

" Put the strawberry
into the correct bowl

AT=[0.1,-0.2,0]
(A:132 114128525 156 ] ———— | AR _[10" 25° -7

e Q: What should the robot De-Tokenize s
k do to <task>? Robot Action
R

‘

' [ATransIation =[0.1, -0.2, Q] T |

v

ARotation = [10°, 255 -7°] Co-Fine-Tune Deploy

Pick object that is different

“terminate Apos, Apos, Apos, Arot, Arot, Arot, gripper_extension” “1 128 91 241 5101 1277

RT-2: Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, https: //arxiv.org/abs/2307. 15818



What issues (if any) might arise by
treating motor commands as
discrete language tokens?
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Vlslon Language—Actlon Models ~2025

" autonomous, 10x speed

Physical Intelligence (https: /www.pi.website) and Figure Al (https: /www.figure.ai)



https://www.pi.website
https://www.figure.ai

Vision-Language-Action Models
How do you turn a language model into
a robot controller?
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VLA Components

pre-training post-training & inference

language subtasks ( “put the plate in the sink” j

discretized actions ( G G Go) Ge) G2) @) )

continuous actions

open vocabulary captions ( “a dog catches a frisbee” subtask prediction (@D 6D ) )
bounding boxes( (3 ) (35 ) (ass) (223) ) :“pick up the pillow” ., + * f ’
) Se— rr—— d IRInin
[DDDDDDDDDDC}DDDDDDD] [DDDDDDDDDDDDTGDDDDDDD [C)C C CD]
pre-trained VLM . E action expert
{ SigLIP (406M) + Gemma (2.6B) ] [ Rre~xrainen VLA ‘ [ (300M)
[DQDDQDDDDDDDDDQDQDJ DDQDDDDD@DDDlGDDC)C)DDD LCDC DG J
l oo o & —1 o | S A A |
/ \ / \ / \ ( “clean the kitchen” ) { \ { 5 { 5 ( clean the bedroom” J +-“pick up the p1110w SR
“pick up the pillow” ﬂ'| 7 ‘
"q' s - high-level prompt low-level command :
\ ' £ noise
\

P

)
( “caption the image” )
)

( “localize the gripper”

multimodal web &

- -
robot data task-specitic prompts

n0.5: a Vision-Language-Action Model with Open-World Generalization, https: //arxiv.org/abs /2504.16054




Pre-training

Diverse mobile manipulator

Laboratory High-level subtask

cross-embodiment

How would you
clean the bedroom?

Bounding boxes:
<10c84085><10c0011><10cB911><1ocB197>closet
Subtask: move to closet

How would you
clean the kitchen?

Bounding boxes:
<loc8571><10c0376><10cB815><1ocB484>mitten
<loc@787><10cB346><10c1003><10c0490>drawer
Subtask: move left arm forward and pick up mitten

Make bed

Fold

laundry

Diverse non-mobile manipulator Multi-modal web data

Describe this region:
<1oc0470><10c0390><10cB605><10c0484>
Front legs of elephant

¥

@

What kind of pie is this?

This is a delicious-looking pecan
pie. The image shows a classic pecan
pie with its characteristic dark
brown filling studded with pecans.

l

-
COR )

Open X-Embodiment

Towel on oven handle s

Cabinet putaway Kettle on base

Verbal instruction

‘V Put cup in sink

Bad e

Place pillow on bed

Policy: pth [;late in sink
Relabeled: put plate on rack

Policy: push the top drawer
Relabeled: pick up blue shirt

Post-training



Training Recipe Ablations

No WD = no web data -

No CE = cross-embodiment data

No ME = multi-environment
non-mobile data

Average Task Progress

No CE or ME = excludes 20%

both data sources
from other robots

80%

60%

40%

0%

-
=

0.5

(p=0.385)

no WD

(p<0.001) (P<0.001)

no CE no ME

(p<0.001)

no CE or ME



Action Tokens and Flow Matching

RT-2 predicting Q¢ (one action at 3 Hz)
T, Ppredicting a.4y50 (90 actions, re-plan)

Flow matching:

e Mix the real trajectory with random noise

e Train the model to predict the direction from where it is
back to the clean trajectory

e At inference, start from noise and take 10 steps in the
predicted direction for smoother motion
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Limitations of VLAs

L[]
. pi0 demonstrates very impressive robustness across different tasks, locations, and lighting conditions. However, we have also
observed some failure cases:

00D Objects 00D Background Task Misunderstanding

well after fine-tuning

e Evidence of memorizing action A e W

"place the yellow fish into the basket"

Cannot manipulate a novel glass teapot  Cannot handle unseen background well  Picks up the wrong object in cluttered
I I [ L] [ | (0% success rate) (0% successrate) ~ scenes (25% success rate)
C un S ].n tralnlng ata Spatial Reasoning General Articulation Coffee Making

e Evidence of memorizing latent = R 4
token embeddin gS i o e —

Misjudges object position relative to Fails to open toy kitchen cabinet on the Cannot work with espresso machine (0%
container (30% success rate) table (0% success ra te) success rate)

Sparse Autoencoders Reveal Interpretable and Steerable Features in VLA Models, https: //arxiv.org /abs /2603.19183

VLA Models Are More Generalizable Than You Think: Revisiting Physical and Spatial Modeling, https: //arxiv.org /abs/2512.02902
SAFE: Multitask Failure Detection for Vision-Language-Action Models, https: //arxiv.org /abs/2506.09937

Image from https: //itcanthink.substack.com /p/vision-language-action-models-andfrom Jie Wang et al. at GRASP Lab
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crline S I N

Data Landscape
Sources of training data
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Scarcity of Robot Data

K. Goldberg, J. Zhang, Comparing the size of robot data to LLM data
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https://docs.google.com/file/d/1IvnlfS6ZQ7Xi80V7GomwoJcflyr4sVAc/preview

Sources of Robot Data

e Simulation

Synthetic Data Generation
Human teleoperation
Repurposing human data
Repurposing web data
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Evaluation

How can LLM and VLA evaluation
paradigms improve for robotics
applications?
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Evaluation Crisis

e True: JIO = can clean kitchens it has never seen

e Also true: Tt models (and all VLAs) can fail if the
lighting is different, drawer handle is slippery, etc

e Benchmarking is difficult in robotics!

https: //itcanthink.substack.com /p/how-do-we-quantify-progress-in-robotics
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RobotArena for Evaluation

Large Scale Simulated Environments

Automatic Policy Evaluation

Robotic Datasets Automated Environment Creation from Real Video for VLA Evaluation
o \ Policy VLM Scores
s "™ @ 79.32 77.03
2 « 9
DROID Ha)luia.b:: ':up @ 76.38 77.50

1

Close a sliding window Move the green cup to the right
b J X

ROBOTARENA

.

@ 83.77 77.18

Base Envy Under Controlled
Perturbation

Bridge V2 €Cput the tomatogy |

in the pot

Human Preference Evaluation

@ @S| @
| 0 @
User-Recorded Video S @>@ @ @

o Use cup to pour something ) i )
ut the knife on to the plate ranular i 5 Z i
“User . E K J g Ent ithe Lrmato in the Fot Pair-wise Preference P °l“fy
J Ranking

(11 Piug the 99
charger into
the socket

RobotArena «: Scalable Robot Benchmarking via Real-to-Sim Translation (https://arxiv.org/abs/2510.23571)
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Remote Real-World Benchmarks

Open dataset
—r O

A )
1,,4\\ \\\ |

- =

o’

)

L

\ 2 ) |
Evaluation 4 ; Benchmarking
<

Experimental results

I L

Remote user

Train Offline, Test Online: A Real Robot Learning Benchmark (https://arxiv.org/abs/2306.00942)
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Evaluation via Demos

https: //x.com/SnehalJauhri/status/1937577400541351956?s=20
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Given your experience so far in
LLM evaluation, how would you
evaluate robot policies?
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Takeaways
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Takeaways

Robotics is not another modality for LLMs

Data is a key bottleneck for robot learning and
training LLM-based models for robotics

Training-free approaches vs end-to-end approaches
have distinct strengths and weaknesses

Need standardized evaluation to make more rigorous
claims about LLM effectiveness for robotics
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Future Directions

e Steering VLA representations to improve grounding
e Test-time adaptation and online correction

e Latent plan representations beyond language

e Long-context LLMs, VLAs, and memory for robotics
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Thank you!
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