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Lecture Outline

From Language Models to Action Models: LLMs, VLMs, VLAs

The Robotics Transformer Lineage: RT-1, RT-2, RT-X, OpenVLA

e Action Representations: Discrete bins, continuous flow, FAST tokens
Frontier VLA Systems: Pi0, Pi0.5, Pi0.7, GROOT, Gemini Robotics

e Our Work: GEA and cooperative embodied agents

Open Challenges & Future Directions
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Robotics & Foundation Models
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From Language Models to Action Models




What are LLMs?

e LLMs work with tokens:
discrete numbers encoding
words

e Training: next-token
prediction via cross-entropy
loss

e Autoregressive generation:
predict one token at a time

e Scale + data + compute =
emergent capabilities

What are LLMs?

LLM works with tokens — discrete numbers encoding words (or parts of words)

Training loss: Cross-Entropy on shifted token sequence

\J

Autoregressive inference: predict one token after another

TEXT tokens
NN Y

LLM

TEXT tokens

ETHzirich  .Softfebetics



What are VLMs?

e Extend LLMs with image tokens

e Extract visual features via ViT
backbone

e Discretize and project into LLM
token space

e Train on image-text pairs for visual
understanding

e Examples: CLIP, LLaVA, Pall, All
modern frontier models

What are VLMs?

Extend LLM with Images

How to get Image Tokens? — Extract features (ViT backbone) and discretize

TEXT tokens

VLM

TEXT tokens IMG tokens

ETHziirich  .Softferetics
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What can these help with in robotics?

e There are lots of challenges in robotics
e Sense -> Plan -> Act
e Large action/search space
e Long-horizon execution
e Physics

e One key difficulty in robotics in the past:
e How do we encode common-sense reasoning?
e Can we make the tasks language-conditioned (ala NLP)

e Previously: Per-task engineered models, knowledge graphs,
etc.

Liconti & Katzschmann, VLA Models Focus Talk, RWR 2025
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Early Attempts: SayCan

e Early attempts use LLMs
to plan

e OQutput sub-tasks
given natural
language task

e Or output code
(code-as-policies)

Do As | Can, Not As | Say:
Grounding Language in Robotic Affordances

Liconti & Katzschmann, VLA Models Focus Talk, RWR 2025



R ———
What are VLASs?

e Extend VLMs with action tokens
e Key design questions:

e How to tokenize continuous robot
actions? What are VLAs?

i ions?
Extend VLMs with Actions How to tokenize the Actions”

Can we afford slow autoregressive inference?

e Can we afford slow autoregressive
inference?

e How to handle proprioceptive
state?
e [nput: images + language +
proprioception
e Output: action sequence (joint angles,
end-effector poses)

TEXT tokens IMG tokens Proprio tokens

ETHzirich  Seftekotis




GEA: Our Generalist Vision-Language Action Model

3 A

CALVIN (34 tasks) Meta-World (45 tasks)

Action Space Adapter Comparison

D
L <

Multimodal Large
Language Model

V7

Action Space
Adapter

Overall Success (%)
W
(en]

o

| Q@ p
BabyAl (6 tasks) Habitat (30 tasks)

[0.72, 0.24, -0.21, ...] “Pick apple”

Lots of great concurrent work! OpenVLA, LLARVA, PIO, etc.
Ours: 1) Action Tokenization (NeurlPS), 2) SFT->RL, 3) Multi-task generalist

Szot et al., Grounding Multimodal Large Language Models in Actions, NeurlPS 2024
Szot et al., From Multimodal LLMs to Generalist Embodied Agents: Methods and Lessons, CVPR 2025




.
Ways of Applying to Robotics

Data is a key issue in robotics!

Some options Imitation Learning

* Simulation vs. Real \

* Enables oracle planning, etc. - neson i ‘1'
* RLvs. Imitation Learning [ @ Human ]—-)[ €2 Agent ] [C@Physical World]
 Learn from Videos State 5,/ A\ Reward 7, Reward 71+; | | State s+

1
Supervised learning from a i

demonstration dataset I

Behavior Cloning (BC)

e Learn policy from expert demos

e Simple but suffers from
distribution shift

e \What can’t successful cases show?

Li, Robot Learning, Stanford 2025
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RT-1: Robotics Transformer at Scale

e First large-scale multi-task robotic
transformer

* Actions discretized into 256 bins RT-1: Robotics Transformer for Real-World Control at Scale

per dlmen5|on Google Research first effort into Foundation Models (task-agnostic models) for robotics (2022)

e Trained on 130K+ real-world - From single-task models to multi-task models
demonstrations . Actions are discretized into 256 bins for each dimension

RGB + Language inputs

e 7 skill categories across 700+ tasks

e Showed that scale + diversity Instruction Action
) . . Pick rice chips from top drawer RT-1
improves generalization and place on counter o
e : S -
e Key limitation: no pretrained vision e s Tokadladier  Trnshmmer
language backbone my {

Brohan et Al, RT-1: Robotics Transformer for Real-World Control at Scale, 2022

Brohan et al., RT-1: Robotics Transformer for Real-World Control at Scale ETHzirich Sk




RT-2: VLM Backbone -> VLA

e Built on pretrained
VLM (PaLl-X / PaLM-E)

e Key insight: actions as
text tokens in VLM
vocabulary

Internet-Scale VQA + Robot Action Data

M Q: What is happening
in the image?

A grey donkey walks
down the street.

e Co-fine-tuned on web
vision-language +
robot data

Q: Que puis-je faire avec
ces objets?

[Faire cuire un géteau_] ) : o

e Web knowledge
transfers to robotic

Q: What should the robot
do to <task>?

~

control

e Emergent capabilities: peoon g2

Vision-Language-Action Models for Robot Control

Q: \c/jV:Et]ct should E?h:r(it?ot RT—2

Closed-Loop
Robot Control

Put the strawberry
into the correct bowl

E- ViT
A

l

[A:132 114 128525 156 |

AT=[0.1,-0.2,0] ]

De-Tokenize AR=[10,25, 7]

Robot Action

ATranslation = [0.1, -0.2, 0] =
Co-Fine-Tune Deploy

novel object
understanding

e 55B parameters (much
larger than RT-1)

Brohan et al., RT-2: Vision-Language-Action Models Transfer Web Knowledge, 2023

Pick object that Is different
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Open X-Embodiment & RT-X

e Open X-Embodiment Dataset:
1M+ trajectories

e 29 different robot Open X-Embodiment: Robotic Learning Datasets and RT-X Models
en X-Embodiment Dataset: 1M+ trajectories from 22 embodiments
embodiments Open X-Embodiment D 1M+ trajectories from 22 embodi
e RT-X: generalist model trained RT-X Generalist Models: Transformers (RT-1-X / RT-2-X) trained jointly on multi-embodiment data
Shift to Foundation Robotics: Demonstrates that data diversity > data quantity for generalization across tas
on full dataset and embodiments.
* Demonstrated positive cross- .
embodiment transfer g = S o zz,?godimems
: : - E ) R RES =
L4 EStab|IShed Commun|ty — ,"": T | ‘ 527 Skills
. ™ e < et ams -
benchmark for generalist . Pl - 1 Liem T0E
olicies 4 ’ Gl &
P 5 i A S e Bl

e Foundation for subsequent
VLA work

Open X-Embodiment: Robotic Learning
Datasets and RT-X Models, 2024

el ftRobotics
Open X-Embodiment Collaboration, 2023 ETHzirich S
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OpenVLA: Open-Source 7B VLA

e /B-parameter open-source VLA

model OpenVLA: An Open-Source Vision-Language-Action Model
° I ~
Tra | ned on 97OK rObOt « Trains a 7B-parameter vision-language-action (VLA) model on ~970 k robot manipulation episodes
i 1 i the Open X-Embodiment Dataset
mani pU Iatlon ep|SOde5 * Uses a fused vision encoder (com'bining features from DINOVZ + SigLIP) feeding into a large lang
° BU||t on Prismatic VLIVI backbone . model backbone (LLaMA 2 7B) to directly output robot action tokens

Demonstrates efficient fine-tuning (LoRA + quantization) to adapt to new robot setups with less dz
* Open-Data (open-x) and Open-Weights (model and code available)

e Actions as discrete bins (like RT-2)

e Strong baseline but limited by: , (ot ek ;

° . . . . ~ AH
Autoregressive action discretization Liama 2 7B LG”J
No action chunking

Gttt tot t ottt |
1 1cit . M Llama Tokenizer ,
Lower dexterity on precision tasks P | oo | G I f
Language Instruction - 1 t
“What should the robot do to {task}? A:"

Kim et Al. OpenVLA: An Open-Source Vision-Language-Action Model, 2024

m 1 oftRobotics
Kim et al., OpenVLA: An Open-Source Vision-Language-Action Model, 2024 zdrich S,




Action Representation: Discrete Bins

e Discretize each action
dimension into N bins (e.g.,
256)

e Treat actions as language
tokens

e Advantages: reuse LLM training
infrastructure

e Disadvantages:

e | oses action resolution for
dexterous tasks

e Slow autoregressive
decoding

e Cannot easily predict action
chunks

Liconti & Katzschmann, VLA Models Focus Talk, RWR 2025

Action Representation: Discrete Bins

« Binning fails for highly dexterous tasks, as we are losing action resolution

Actions

CONTINUOUS

TDe Tokenize = = = = = = = - - -

Action tokens (bins)

VLA
SEEE E8E0 Bee
TEXT tokens IMG tokens  Proprio tokens

ETHziirich Skt

DISCRETE



e Alternative: use VLM as a feature
extractor

e Add a dedicated action head for
continuous output

e Advantages:

e Full action resolution
preserved

e Faster parallel action decoding

e Natural action chunking
support

e The VLM provides semantic
understanding

e The action head provides motor
control

R ———
VLA = VLM + Action Head

VLA - VLM + Action Head

+ Binning fails for highly dexterous tasks, as we are losing action resolution
+ (Can use the VLM as very general and powerful backbone and use diffusion or flow
matching based action head to predict continuous actions

VLM features

VLM

TEXT tokens IMG tokens Proprioception

CONTINUOUS

ETHzirich St




Action Head: Diffusion Policies

e Learn action
trajectory

A ~ PO(-10y) Diffusion Policy

Visuomotor Policy Learning via Action Diffusion
e Typically output many

. pegr === 0 Energy 1 Gradlent Fleld
Ste pS I nto fUtu re’ Q T Representation : Q 1‘0| — Q 1.0
1 I < :
I
exe C u te 1/| e S S : Scalar (Regression) : Implicit Policy 0.5 Ritiusion olcy 05 [yy A-yy =Y
Explicit Policy |! 4 : : VE(a)----- ' vy ‘v"vvvv;
number of steps S A AUE R N i B R PPPlod mdddiiadsadiass
' ASN = 0 el | |7 S I VA WYYV VYVVV Ve FVY
FH(O) : Mixture of Gaussians : EG(O, a) 50 (O, a-) "% A \vv-4 il ‘:A i &
| ] a7~ | o\ /s | |~ Ty A4 vvvvvv
: ' PR s e s iI 444445
i 0@ - i
°® S f : d el R %0 05 00 05 10 Y0 -05 00 05 10
ta rt rom noise (a) Explicit Policy (b) Implicit Policy - (c) Diffusion Policy =

version, progressively
denoise conditioned
on observation

Liconti & Katzschmann, VLA Models Focus Talk, RWR 2025

19
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Pi0: Vision-Language-Action Flow Model

e 3.3B parameters (PaliGemma 3B +
300M action expert)

e Flow matching instead of

« Trained across multiple robots and tasks (8 robots in-house + OpenX data)

autoregressive to kens - VLM pre-trained on web-scale image+text data (Paligemma), and then augmenting it
action output capability (via flow-matching) so it can output motor commands at up to

e Action chunking: predict H=50
future actions at once

e Blockwise causal attention mask:

VLM inputs | Robot state | Noisy
action tokens

e Cross-embodiment: 7 robot configs,
68 tasks

e 10,000+ hours of dexterous
manipulation data

Black et al., Pi0: A Vision-Language-Action Flow Model, 2024
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Pi0: Flow Matching for Continuous Actions

Why flow matching?

Pi-Zero by Physmal Intelligence

T cross-embodiment I;:s’:‘:;ii::;e Open X-Embodiment Dataset Zero-shot in-distribution tasks

e Flow matching learns a denoising ve rohot dataset g o Tl
yAE| Y a%a M

bus table
e Noise -> clean action chunk via 10 Et pock s . Pre- Tralnlng.

. Specialized post-training to
steps @ s ﬁ T, vision-language-action model | | d1ff1cu1t tasks

e Robot actions are continuous, not
discrete tokens

bus table

e ~73ms inference on RTX 4090 e ‘ pre-trained VLM | etion ] ﬁm-mm
' V m I YU U W empty apartment dryer

o y
Training: gx . - F“a‘ MRS mgggﬁ
y batch fold shirts

e Sample noise, interpolate

5 Ty — High-quality post-training data G
. . WV icien ost-trainin (o]
e Predict vector field toward 3 : P 9

=
'i o n ' n unseen tasks
] 2 ‘=f — -
e Shifted beta distribution emphasizes . hian "“‘"“’ Fasks L 2 S P

put items in drawer

o B VUESRE  peapae
w o0c ey, nere) unseen tasks £ - v

replace paper towel

Black et al., PiO: A Vision-Language-Action Flow Model



Pi0: Pretraining + Post-Training Recipe

Pretraining
e Broad cross-embodiment data

e 903M timesteps (Pl data)
e + OXE, Bridge v2, DROID
e Teaches coverage & recovery

Post-Training
e High-quality curated demos
e Fluent task execution
e Critical for dexterous tasks

Result: Outperforms OpenVLA,
Octo, ACT, Diffusion Policy

Black et al., PiO: A Vision-Language-Action Flow Model, 2024



R
PiO-FAST: Better Action Tokenization

e FAST: Frequency-domain Action
Sequence Tokenization

e Transform action chunks via DCT
(Discrete Cosine Transform)

0 - FAST

. » FAST: transforms continuous robot action chunks into dense discrete tokens via DCT + BPE
o Th en B P E tO Create d ense d |Screte + Significantly accelerates training (=5x faster) of generalist VLA policies (cross-entropy loss)

« Universal tokenizer trained on 1 M real robot trajectories — supports transfer across embodiments and

to kens control frequencies.
+ Autoregressive inference of VLA policies built with FAST match diffusion-based models on complex tasks
HP : while being simpler to train and deploy.
e ~5x faster training than naive g simp Ploy

tokenization

e Bridges discrete (trainable) and
continuous (precise)

e Compatible with standard LLM
training pipelines

m el oftRobotics
Pertsch et al., PiO-FAST, 2025 zdrich S
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Pi0.5: Knowledge Insulation

e Discrete FAST tokens for training

e Continuous action expert for fast
inference

Knowledge Insulation: decoupl e
. L]
nowle ge nsulation: ecoup € » Discrete FAST tokens for training + continuous action expert for fast inference
: « Trained on web-vision-language + multi-robot + mobile manipulation datasets
VLM baCkbone from aCtlon expert « Sub-task decomposition via high-level/low-level prompts. Step toward open-world generalist robotics

gradients

L]
pre-training post-training & inference

e VLM supervised with cross-entropy
(stable)

e Action expert attends to VLM but
no gradient backflow

e Retains semantic knowledge +
faster training

e Multi-robot + mobile manipulation

Physical Intelligence, Pi0.5, 2025
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Pi0.7: Steerable Generalist Robot Model

e 5B params (4B Gemma3 Robot Data 7 ~  Non-Robot Data
H D i D o %o . W7 e A ualit i
backbone + 860M action emortje,utratlon até Multimodal Web Data
expert) " :

Language
Instructions

Episode
Metadata

e Key innovation: rich context \ \
conditioning Language Autonomous Data s | —

: : TRTHTe  ADGADED
instructions + subtask labels T GOGDED
FRFRTe  GDADED

e Subgoal images (including
generated goals)

/

Specialist-Level Dexterity

e Episode quality, speed,
strategy metadata

INFERENCE

High-Level Policy Vorld Model Desired Metadata
ERE RS ZZEEZ
Quality Length

e Control modality labels

Out-of-the-Box Performance Without Fine-Tuning

e Trains on heterogeneous data
including failures

e Context disambiguates
demonstrations

:‘n- ‘
R i
Ai et al., Pi0.7: A Steerable Generalist Robotic Foundation Model, 2026
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Pi0.7: Emergent Compositionality

e QOut-of-the-box dexterity without task-
specific fine-tuning

e Matches specialist RL-finetuned models

e Cross-embodiment transfer: folds

laundry on UR5e without laundry data
for that robot

e Compositional generalization: uses new
appliances by combining prior skills +
web knowledge

e Follows diverse open-ended instructions
e Signs of language-model-like
compositionality in physical behavior

Ai et al., Pi0.7: A Steerable Generalist Robotic Foundation Model, 2026
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GROOT N1: NVIDIA's Humanoid VLA

e General-purpose VLA for
humanoid robots

GROOT N1 - NVIDIA

oD | h . « GROOT N1: a general-purpose VLA model for humanoids (vision + language — motor action
Ua -system architecture: » Dual-system architecture: reasoning (System 2 - VLM) + action generation (System 1- Di

i  Heterogeneous training data pyramid: web videos — synthetic trajectories — real-robot data
System 1: fast reactive motor contro g g data py y j

System 2: slow deliberative = \ & \
. ! v Hee . B ision-Language | ||
reasoning B Y MLd? B
. e % e E Diffusion
[ ) VISIOn + Ianguage '> mOtor Language Instruction . 2t 5 - Transtormnar
. “P1:ck up the 1ndu§try Tokenize ystem
actions e e T : 5
e Designed for whole-body contro r | s i W ]
. O i
e Part of NVIDIA's Isaac robotics \ | - .
Fobot State Action Tokens E E
platform = 0
O O

Denoising

NVIDIA, GROOT N1, 2025 ETHzirich ~ Setfebores
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Gemini Robotics & Large Behavior Models

Gemini Robotics

G e m i n i RO boti CS (G O Og | e) Multi-embodiment VLA model (Gemini Robotics 1.5) with Motion Transfer — unified across robots

Unified agentic framework enables generalist robot behaviours: perception — reasoning — motion

e Multi-embodiment VLA
e Motion Transfer for
unified cross-robot control
e Agentic framework for
long-horizon planning
ETHzirich =~ Setee
LBM (Toyota Research) Large Behavior Models (LBM) - TRI
e Diffusion policy at scale . oot svaRAion: sk + el oy s (1 800}, M ATB sing to Satishical corndiics
+ Key results: fewer fine-tuning samples needed + higher performance + better robustness under shift
+ Scale matters: larger and more diverse pre-training datasets — better manipulation generalisation
e ~1,700h data, ~500 tasks ’ . e
e Rigorous real-world eval

e Focus on reliable execution

Very rigorous and well written paper, recommended!
ETHzirich Sk 29

Google DeepMind, 2025; Toyota Research Institute, 2025



Cosmos Policy: Video Models for Robot Control

(_ COSITIOS PO'ICY N Actions, a —
Fine-tune video foundation model la;,ay, .- s ay ] € RTX e )
(NVIDIA Cosmos)

( Diffusion Transformer

e Fine-tunes a pretrained video
generation model into a robot Current State, <
Current proprio: g, € Rdﬂﬂﬂ:f'ﬂ, and

po I |Cy Current images:
e Actions generated as latent video

Future State, 5’
Future proprio: g, ;; € R%rie, and
Future images:

-\

Denoised tokens
\ : ry
HE

frames, no architecture changes L g g § | [ Feedond Ty £ N
. . . _— 2 —is|  Cross-attention -§- £
e Key insight: video models already #ask Descrintion j/ 2| | e ] |\ N\ e B
“put candies in bow!” . o st Rl

. . Value, V(s')
understand physics and dynamics T e ) E, [X F'Rspap | 5,= 5] )
e Repurposes video prediction as
visuomotor control

e Qutperforms state-of-the-art VLAs
on manipulation benchmarks

e Effective in both simulation and
real-world bimanual tasks

e Alternative paradigm: world-
model-first rather than LLM-first

Kim et al., Cosmos Policy: Fine-Tuning Video Models for Visuomotor
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VLA Landscape: Architecture Comparison

e N N

Discrete bins EfficientNet+Transformer 2022
RT-2 55B Text tokens PaLl-X / PaLM-E 2023
OpenVLA 7B Discrete bins Prismatic VLM 2024
PiO 3.3B Flow matching PaliGemma 3B 2024
PiO-FAST 3.3B DCT+BPE tokens PaliGemma 3B 2025
Pi0.5 ~4B FAST + flow PaliGemma 2025
Pi0.7 5B FAST + flow Gemma3 4B 2026
GROOT N1 - Dual system Proprietary 2025
R3D - Diffusion PointSAM encoder 2026
Cosmos Policy - Latent video frames Cosmos video model 2025



Can we train a generalist agent?

4/20/2026 31



/ Continuous ASA | ' 1 2 m
Disciate ASA . u, U u/"  —|  Adapter Decoder
Action Tokens - t

A . MLP pick apple [ NEG_zGNG

egreSSIOH [dx, dy, dz] e ~ pick pear - f f 1

Classification ...
Uniform oo O .
Tokenization dx dy dz ?e:(nar.\tlct. “pick apple” [ Adapter Head ] at
okenization [5839, 26163] f f 1
dx .

Learngd : dy »E»- Non-Semantic “pick apple” . LLM Final } 1 '; 2 hm i )
Tokenization Tokenization [278,276] Hidden State | /¢ Ly t Action for Environment

S S

[ Multimodal LLM |
t t . N

—

t
t 1 Action Space Adapter

1 Task Goal + Prompt ?
[Visual Encoder J w, u-1

ll lk‘.

We finetune the Action Space Adaptors (ASAs), downsampler, and MLLM

Szot et al., Grounding Multimodal Large Language Models in Actions, NeurlPS 2024

Szot et aI.i From Multimodal LLMs to Generalist Embodied Aients: Methods and Lessonsi CVPR 2025



Static Manipulation Nvigatin ~

Mobile Manipulation Ul Control Real Robots

Put the rubber bond on the cup

) il N 2




Static Manipulation

Mobile Manipi
4 4M trajectories for training (~500M image/actions)

90 embodiments
Over 1000 distinct tasks




Training
* We alternate | e
SuU perV|SEd flne-tunlng SFT on interactive data
(SFT? and I —
reinforcement learnin :
( R |_) & Pr::ﬁ::d GEA-Base
* SFT — Gather human or SFT on diverse embodied experiences

planner-based
demonstrations of
successfully executing
task
* Training is just next
token prediction

(correct action) at any
point

(millions of trajectories)

Szot et al., From Multimodal LLMs to Generalist Embodied Agents: Methods and Lessons, CVPR 2025.




Training
* We alternate supervised fine- Stage 1 Stage 2
tu ning (S FT) and SFT on interactive data SFT on interactive data
. . /\
reinforcement learning (RL) wll T
Pretrained
* RL has different MLLM GEA-Base GEA
characteristics when —~ —
distributing' Online RL in simulation
 Workers take a variable _
amount of time Do many different
* Robot gets stuck/fails, times D tasks
out at max timesteps > and
* Dominating bottleneck is policy Generalizes 1o hoti

inference not weight update

settings
(training) or environment

Szot et al., From Multimodal LLMs to Generalist Embodied Agents: Methods and Lessons, CVPR 2025.




GEA Evaluation

Assess Generalization To:

New Scene Layouts

New Instructions Compare against
:> benchmark

New Backgrounds specific specialists

New Objects




R
/ero-Shot Generalization

100 & &
Legend
@ GeA
- Domain Specialists
- =
GEA: Single model evaluated
on all benchmarks

~l
(&)}

Success Rate (%)
3

25
0
Meta-World CALVIN Maniskill Habitat Pick Domain specialist: Prior
100 SOTA per benchmark
3
=78
& Success rate on
g unseen settings
O
2 25
0

— Procgen Habitat Nav AndroidControl LangR g



eorgia | Machine

Tech |/ Learning

Are we done? Just scale it?

* What this “solves”:

* Natural language open-world tasks
* Language-boosted generalization

* Multi-model by nature
« Common-sense reasoning! (no more knowledge hacking)

Necessary, but maybe not sufficient

* What this doesn’t address
e Robustness to distribution shifts
* Reliability, safety, ...
[- Ambiguity, lack of context, personalization in requests ] = Communication

& collaboration!



Ask-To-Act Task

Task: Bring the cup and place it on the coffee table
Q: Is it the red cup?
Navigate to kitchen

Q: Is the cup on the table?

A: Yes :
Navigate to coffee table

Navigate to table
vig Place cup on coffee table

e Goal: How can we build agents that can solve tasks which require resolving ambiguity?
e Given an instruction: Bring the cup and place it on the coffee table
e Agent needs to look around and reason to ask clarification question

o Key aspect: When and what should it ask?

Ask minimum number of questions

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. 00 Meta



Habitat 3.0 OX) Meta

This work:

* 83 scenes
ReplicaCAD

42 object categories

| Evaluation: ¥ | :
1. Novel scenes AT X
2. Novel compositions
of ambiguity types




Task — Distinguishing Characteristics

al__ju E@@@] M

(a.) Attribute recognition (b.) Spatial reasoning (c.) Attribute + Spatial reasoning

e Various aspects that can discriminate target

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. QO Meta



Architecture

Previous
Task Instruction + Prompt action

} \ \ ,
00;+0 00000 00+0

)

User response

MultiModal Large Language Model (LLaVA-OneVision)

navigate cabinet

pick blue shoe OO. ® .O _.O
ask ‘do you want the blue shoe?’

........... Action for
environment

Possible Actions Action Tokens

. Pre-trained MLLM .Vision Adapter

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. QO Meta



Challenge: Data for this Task?

Navigate to kitchen

« Human demonstrations? ® T
A: Yes
« Reinforcement learning with manually designed reward? ® Navigate to table

Typical tasks have well-defined success

Training for communication is hard!

Idea: Per-step reward function generated by LLM @
Requires careful task/environment representation

Leverages privileged information made possible in simulator

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. 00 Meta



Data Generation

Instruction: Bring the bowl and put it in the sink

Here's a description of state of the house that specifies which receptacles agent can navigate to and objects that it can interact with:

Receptacles in room:

living_room: gray chair, light table, dark table, couch, tv_stand
kitchen: cabinet, sink, drawer_ @, drawer_1

bedroom: blue cabinet

Objects available on different receptacles in the house:
sink contains blue casserole, red plate, white cup

dark table contains red bowl, yellow bowl, black toy
light table contains yellow dumbbell, blue bowl, red bowl

sofa contains red bowl, yellow bowl, red towel

e Simulator oracle information gives us:
e WorldGraph: Information about the scene and relationships

e What the agent has asked already and human response

We input this into a (language-only) LLM to generate process reward model
e Optimal questions (e.g. attributes) to ask about

e Optimal number of questions

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. 00 Meta



Data Generation

° Reward function: Tt =71 * Lgyccess + T2 llsubg()ul i ﬂusel'ul_queslion — V4" ﬂexceed_budgel

\ /

o Key challenge:
o Having an LLM within RL loop is extremely challenging
o To study our (general) method for this task, we constrain via

prompting/decoding the MLLM outputs so that we can precompute

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. 00 Meta



Metrics

Full UNSEEN SCENES UNSEEN TASKS
Method Obs. SR (1) ARS (1) QR (}) SR (1) ARS (1) QR ({)

« Success Rate

« Ambiguity-Resolution Efficiency Score (ARS)

1
ARS — success
1 + abS(Qrelevant — K) + (firrelevant

« Question Ration (QR) _
(QI'elevant + Qirrelevant)/ K

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. 00 Meta



Quantitative Results

Full UNSEEN SCENES UNSEEN TASKS
Method Obs. SR (1) ARS (1) QR (}) SR (1) ARS (1) QR ({)

. e 4 N
Privileged Info | 1) WG + ReAct* v 56.1 50.5 3.2 473 374 2.3
(+In-Context) | 2) WG + ReAct* (FS) /962  49.7 2.3 94.7  35.6 1.9 |

Partially-Obs. | 3) WG + ReAct* (FS) X 618  46.9 3.2 192 322 2.2

GPT 4) GPT40 + SoM + ReAct X 252  20.1 1.9 19.8 12.5 1.1
T R T e 7 e

5) LLaVA-OV SFT X 482  46.9 1.5 34.1  26.1 0.8

Ours (RL) |6) LLaVA-OV RL (Ours) X 89.8  63.2 2.6 652 324 2.5

e Overall, difficult task even for state of art closed MLLMs

e Note we tried reasoning models but did not help much (privileged info makes unnecessary?

e RL-based training much more successful!

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. 00 Meta



Expanded Question Set

Question Query Type Answer type
1) Isit the [Attr] [Obj]? Object attribute Yes/No
2) Is the object on the [Recep]? Object location Yes/No
3) Isitthe [Size] [Obj]? Object size Yes/No
4) Can you describe appearance of [Obj]? Object attribute Language
5) Where is the [Obj] located? Object location Language
6) Describe which [Obj] instance you want and where is it located? Object attribute and location Language
7) Which [Recep] should I place the object? Target receptacle Language
UNAMBIGUOUS SINGLE OBJECT MULTI-OBJECT
Method SR (1) ARS(1) QR(]) SR(1) ARS(1) QR()) SR(1) ARS(1) QR(})
1) LLaVA-OV SFT 77.8 — 1.2 50.2 45.3 1.6 32.7 25.3 1.1
2) LLaVA-OV RL (Ours) 96.8 — 1.5 935 853 1.7 60.2 333 2.7

« Method easily expandable to arbitrary questions

« Making it fully open + LLM rewards in RL loop challenging though

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907.

N Meta



Analysis — Do We Need a Process Reward Model?

UNSEEN SCENES UNSEEN TASKS
Method SR (1) ARS (1) QR({) SR(1) ARS (1) QR (})
1) Success Reward 0.0 0.0 0.0 0.0 0.0 0.0
2) Subgoal Reward 34.9 30.7 3.8 16.5 6.9 2.9
3) Ours 89.8 63.2 2.6 65.2 32.4 2.5
Yes!

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. 00 Meta



Analysis — Do We Need RL?

—@—- SFT —— RL

'\. 0.8 — N \.

0.6 — ——H \.

0.8 —

@ 0.6 —
5 ./
L | o\ ._./ O
% 0.4— \ 0.4 — l ﬂ R A /
8 O— \. . \
- —0 i
? 02— 0.2 \
* |
0.0— e d
0.0 | [ [ I [ | | | |
2 3 4 0 3 6 9 12 15
Number of Required Questions Number of Questions Asked

(a.) (b.)
Yes!

Ramrakhya et al., Grounding Multimodal LLMs to Embodied Agents that Ask for Help with Reinforcement Learning, arXiv:2504.00907. 00 Meta



Analysis — Question Budget vs. Performance

—@)— Unseen Tasks == Unseen scenes

S ~——— / o ° /
w 0.88— ~—¢ ke
5 , S \.
® -
2 S 6—
o 0.80— &
> )
’ .
@
4 —
K K+ 1 K+ 2 K+4 K K+1 K+ 2 K+4
Question Budget Question Budget
(a.) (b.)
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Why making ChatGPT for robotics is not straightforward

DEE:] Control Frequency

n data
10k hours

Llama 3
790m hours

Cannot simply scrape internet Need real time control Observation and Action Space depends on the

— Synthetic Data — Chunk Quantization (FAST) — Scaling Data
— Simulation — Latent Actions

ETHzirich ~ Sftebotcs

Liconti & Katzschmann, VLA Models Focus Talk, RWR 2025




R ———
State of VLA Research

Strong industry interest
Google, NVIDIA, Tesla, Figure,
1X, Physical Intelligence, ...

Hot topics now: State of VLA research

e Cross-embodiment transfer

Strong Industry interest (Google, NVIDIA, Tesla, Figure, 1X, Generalist, Physical Intelligence, ...)

e System 1/ System 2 control

Hot topics now: new tokenization techniques, video generation (i.e., world models), evaluation,
cross-embodiment, learning from human videos, RL finetuning

e Data: human video, synthetic,

simulation, web-scale

o Global Humanoid Robot Market
H H VLA Submissions Growth at ICLR
L4 Re d I't| me | nfe rence o Size, by Component, 2024-2033 (USD Billion) EHorawens: @Sefhvgre

35

e Evaluation methodology »

25

e World models for planning
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20
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= 15 1.9
10 8.9
H 250 6.6
Open questions . a9 I I
1.5 - ’
o Emm N == - . .
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The Future of Collaboration

e The Future: Large collaborative human-robot teams

e The robots now know language!

e Some research questions:

e Should robot-robot communication be “compressed”
through language? Or low-level features / embeddings
etc.?

e How can we train complex multi-turn dialogue?

e How can we train dialogue/communication with
MLLMs in the loop?

e Zero-shot MLLMs are not there (and may not be
there in near future?)

e Need a process of synthetic data generation +
curation, across dialogue

e Can we leverage verifiers/reward-generators in
such ambiguous domains?

e Do we need process reward models (e.g. GRPO)
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