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w From Language Models to Action ModdlEMs, VLMs, VLAS

w The Robotics Transformer Linea§dl, RT2, RFX,0OpenVLA

w Action Representation®iscrete bins, continuous flow, FAST tokens
w Frontier VLA SystemBi0, Pi0.5, Pi0.7, GROOT, Gemini Robotics

w Our Work GEA and cooperative embodied agents

w Open Challenges & Future Directions
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From Language Models to Actidviodels




What are LLMS?

wLLMs work withiokens
discrete numbers encoding
words

wlraining: nextoken
prediction via crosgntropy
loss

wAutoregressive generation:
predict one token at a time

wScale + 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
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What are VLMs?

wExtend LLMs withmage tokens

wEXxtract visual features VAT What are VLMs?
backbone Extend LLM with Images

wDiscretize and pl’OjECt into LLM How to get Image Tokens? — Extract features (ViT backbone) and discretize
token space

wTrain on imageext pairs for visual
. TEXT tokens
understanding

wExamples: CLIELaVAPaLJ Al SEEEEEs

modern frontier models

VLM

TEXT tokens IMG tokens

ETHziirich  .Softferetics
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What can these helpvith In robotics?

wThere are lotof challengedan robotics
wSense> Plan-> Act
wlLargeaction/search space
wLonghorizon execution
wPhysics
wX

wOnekey difficulty in robotics in the past:
wHowdo we encode commaosense reasoning?
wCanwe makethe taskslanguageconditioned(ala NLP)

wPreviouslyPertask engineered models, knowledge graphs,
etc.

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

wEarly attempts usd.LMs
to plan

wOutput subtasks
given natural
language task

wOroutput code
(codeaspolicies

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

Liconti & Katzschmann, VLA Models Focus Talk, RWR 2025
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What are VLAS?

wExtend VLMs withction tokens
wKey design questions

wHowto tokenize continuous robot
actions? What are VLAs?

wCanwe afford slow autoregressive | .
Inference?

wHowto handle proprioceptive
state?
wlnput: images + language +
proprioception
wOutput: action sequence (joint angles
end-effector poses)

How to tokenize the Actions?
Can we afford slow autoregressive inference?

TEXT tokens IMG tokens Proprio tokens

ETHzirich  Seftekotis




GEA: Our Generalist Visibanguage Action Model

CALVIN (34 tasks)

-
Meta-World (45 tasks)

.

Action Space Adapter Comparison

. £ 601
Multimodal Large e
Language Model §30 °
% J (E g =~ § |
5 | SSiEM 2,
5ol 35
& Discrete Actions
r ' < . N '\

Action Space
Adapter

| Q
BabyAl (6 tasks)

Habitat (30 tasks)

[0.72, 0.24, -0.21, ...]

“Pick apple”

Lots of great concurrent workDpenVLALLARVAPIO,etc.
Ours: 1) Action TokenizatiorNeurlP3, 2) SFPRL, 3) Multtask generalist

Szot et al., Grounding Multimodal Large Language Models in AdienslP 2024
Szot et al., From Multimodal LLMs to Generalist Embodied Agents: Methods and Lessons, CVPR 2025
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Ways of Applying to Robotics

Data is a key issue in robotics!

Some options Imitation Learning

A Simulation vs. Real \
A Enablesoracle planning, etc. Action G ‘L
A RLvs.Imitation Learning [ @ Human ]ﬂg»[ ) Agent ] [‘@physacalmnd]
A Learn from Videos State 5,70 /) Reward 7, Reward 7rs7 | | State s1e.
1

Supervised learning from a i
demonstration dataset 1

BehaviorCloning (BC)
wLearn policy from expert demos

wSimple but sufferfrom
distribution shift

wWhatO | yuedessful cases show?

Li,RobotLearning Stanford2025
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RT-1: Robotics Transformer at Scale

w First largescale multitask robotic
transformer

wActions discretized Iint@56 bins RT-1: Robotics Transformer for Real-World Control at Scale
per dlmenSIOn Google Research first effort into Foundation Models (task-agnostic models) for robotics (2022)
w Trained on 130K+ realorld - From single-task models to multi-task models
demonstrations - Actions are discretized into 256 bins for each dimension
w 7 skill categories across 700+ tasks * RGB+Language inputs
w Showed that scale + diversity Instruction Action
. . . ick rice chips from top drawer RT-1
IMProves generallzatlon o sy
e i .. .
w Key limitation: no pretrained visien e TokenLeamer  Transformer
language backbone o A e {

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

Brohan et al., RT: Robotics Transformer for Réalorld Control aScale ETHzirich ~ Setete
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RT-2: VLM Backbone> VLA

w Built on pretrained
VLM PaliX /PaLME}

w Key insightactions a
text tokens in VLM
vocabulary

w Cofine-tuned on wel
visionlanguage +
robot data

wWeb knowledge
transfers to robotic
control

w Emergent capabilitie
novel object
understanding

w 55B parameters (much

larger than RL)

Internet-Scale VQA + Robot Action Data Vision-Language-Action Models for Robot Control Closed-Loop

Robot Control

M Q: What is happening Q: What should the robot

in the image? 0 I ST A - RT-2 Large Language Mode
—) [ W o W=
[ A grey donkey walks] _ ]
down the street. N ?"“ — ¢
: 1 Put the strawberry
% : E 4 L .
Q: Que puis-je faire avec E ' ViT oo into the copic b
ces objets? , S
AT '
[Faire cuire un géteau.] ) 3 x5 1
[ ] AT=[0.1,-0.2,0] ]
A:132 114 1285 25 156 [0 05° 7
Q: What should the robot De-Tokenize AR=[10,25, 7]
do to <task>? Robot Action
: R
T ATranslation = [0.1, -0.2, 0] T I -
- ARotation = [10°, 25°, -7°] Co-Fine-Tune Deploy 2 =
Pick object that Is different

Brohan et al., R2: VisionLanguageAction Models Transfer Web Knowledge, 2023
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Open XEmbodiment & RIX

w Open XEmbodiment Dataset
1M+ trajectories

22 different robot Open X-Embodiment: Robotic Learning Datasets and RT-X Models
embodiments Open X-Embodiment Dataset: 1M+ trajectories from 22 embodiments

WREX: generalist model traine RT-X Generalist Models: Transformers (RT-1-X / RT-2-X) trained jointly on multi-embodiment data

f ” dat ¢ Shift to Foundation Robotics: Demonstrates that data diversity > data quantity for generalization across tas

on 1u alase and embodiments.

w Demonstrated positive Cross S i P ] S
embodiment transfer = e = 2 Emposimers

w EStab“Shed COmmunIty LN 5o ﬁ;;.: . 527 Skills
benchmark for generalist B ﬁ
policies ey — T fak

w Foundation for subsequent - - — 4
VLA work e .

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

Open XEmbodiment Collaboration, 2023 ETHzirich St
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OpenVLA: Opeibource 7B VLA

w/B-parameteropen-source VLA
model

wTrained on ~970K robot _ __ _ T
. ] . « Trains a 7B-parameter vision-language-action (VLA) model on ~970 k robot manipulation episodes
man|pu|at|on ep|SodeS the Open X-Embodiment Dataset
» Uses a fused vision encoder (combining features from DINOv2 + SigLIP) feeding into a large lang
: . . model backbone (LLaMA 2 7B) to directl rob ion token
(A)BU I It on Pr|Smat|C VLM baCkbone . ng?)ns?rcate(s) eeff(icieant fine-tu)ntiong (i%tg:itzﬁgn?iz(:tiiﬁ)?o ::Zjaepts:[o new robot setups with less de
(L)ACtionS as discrete binS (||ke 'R)T * Open-Data (open-x) and Open-Weights (model and code available)
wStrong baseline but limited by: | e Tk
Autoregressive action discretization A
No action chunking
t + F F 3

Lower deXterIty on preCISlon taSkS o (&P Projecter Llama Tokenizer

in bow!” __DinoV2 SigLIP :
(L ' I

OpenVLA: An Open-Source Vision-Language-Action Model

Llama2 7B

Language Instruction

“What should the robot do to {task}? A:"

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

1 oftRobotics
Kim et al., OpenVLA: An Op8ource VisioihanguageAction Model, 2024 ETHzirich S




Action Representation: Discrete Bins

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

wTreat actions as language Action Representation: Discrete Bins

tO kenS « Binning fails for highly dexterous tasks, as we are losing action resolution
wAdvantages: reuse LLM training Actione
Infrastructure -.- CONTINUOUS
wDisadvantages foe - Tokenize = = = = = = = = - -
. . Action tokens (bins)
wLosesaction resolution for ....... DISCRETE
dexteroustasks
wSlowautoregressive VLA
decoding
wCannoteasily predict action SEEE G888 a8
TEXT tokens IMG tokens  Proprio tokens

chunks

Liconti & Katzschmann, VLA Models Focus Talk, RWR 2025 ETHzirich Sttt

N
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VLA = VLM + Action Head

wAlternative: use VLM asfaature
extractor

wAdd a dedicated action head for
continuous output

wAdvantages
. . + Binning fails for highly dexterous tasks, as we are losing action resolution
Q)Fu | I aCtIOn reSO|ut|On » Can use the VLM as very general and powerful backbone and use diffusion or flow

matching based action head to predict continuous actions

VLA - VLM + Action Head

preserved
wFastemarallel actiondecoding i f.t
wNaturalaction chunking VLM .
support O
wThe VLM provides semantic 88 =888 - CONTINUOUS

TEXT tokens IMG tokens Proprioception

understanding

wThe action head provides motor
CO ntrOI ETHzirich St




Action Head Diffusion Policies

wLearn action
trajectory . . .
Wa.,y D LIt &) Diffusion Policy

Visuomotor Policy Learning via Action Diffusion
wTypically output many

. N E
ste pS INtO fUtU re, Q o Represgniation ! Q mtl) nergy 1 Q i i{;r;;i;sr:;;neld
1 At ol NN TR | A Jyyyyyvveo—rv
execute 1/less B n e i “
Explicit Policy | A N : arg min(E) ) A== : rv~ :: vvvvv \ARRR
number of steps BVA AU i aos e Bl aooste
p FH(O) E Mixture of Gaussians : '_-__E_Q_(_(_)__?-_)_I E__F{_e__(_?_)_?)_i E It% i1 N ; A% : e : e ;“ 221
6 i |0 -
1 h
| Ceegorea | @ @ O T0s o Ge o i

(L)Start from n0|sed (a) Explicit Policy (b) Implicit Policy @ (c) Diﬁ;:i: Pc;:::y %] e
version, progressively
denoise conditioned
on observation

Liconti& KatzschmannVLA Models Focus Talk, RWR 2

: 19
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Pi0: VisionLanguageAction Flow Model

w3.3B parametergPaliGemma3B +
300M action expert)

wFlow matching instead of

auto I‘egl’eSSIve 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

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

wAction chunking: predict H=50
future actions at once

wBlockwisecausal attention mask

VLMinputs | Robot state | Noisy
action tokens

wCrossembodiment: 7 robot configs
68 tasks

w10,000+ hours of dexterous
manipulation data

Black et al., PiO: A VisiranguageéAction Flow Model, 2024

ETHzirich  SeftRobotics




Pi10: Flow Matching for Continuous Actions

Why flow matching? Pi-Zero by Physmal Intelligence

w Robot actions are continuousot
discrete tokens
T cross-embodiment I;:s’:‘:;ii::;e Open X-Embodiment Dataset Zero-shot in-distribution tasks

w Flowmatching learns denoisingve robot:dutaset : o Tl
- ) G EE| Y a8s - HREEN
v , - R j

. . . . bus table
w Noise-> clean actiorchunkvialO E . Pre- -Training,

. Specialized post-training to
steps @ s ﬁ T, vision-language-action model | d1ff1cu1t tasks
w ~73ms inference on RTX 4090 «« ps ‘ pre-trained VM | Sction ] ﬁm-mm
? /j rag B L 15 0 2 W 2 B —

-\

1

‘ Q I W H empty apartment dryer

mon -l | ApieAsihebe

batch fold shirts
High-quality post-training data

Training
w Sample noise, interpolate

w Predict vector fieldoward
demonstratedactions

B |
w Shifted betadistributionemphasize .%"'

Efficient post-training to
' n unseen tasks
: N " o —
hxgn dex!eruy tosks BR = 2 ‘ -

e - put items in drawer
-gi v ] S - ‘
unseen tasks .

replace paper towel

noisy timesteps

pack shelf flatten box

and many more!

Black et al., PiO: A VisihrmnguageAction FlowModel
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Pi0: Pretraining + Postraining Recipe

Pretraining
w Broad crosembodiment data
w 903M timesteps (PI data)
w+ OXE, Bridge v2, DROID
w Teaches coverage & recovery

PostTraining
w Highrquality curated demos
w Fluent task execution
w Critical for dexterous tasks

Result OutperformsOpenVLA
Octo, ACT, Diffusion Policy

Black et al., PiO: A VisiranguageéAction Flow Model, 2024
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PIO-FAST: Better Action Tokenization

wFASTFreqguencydomain Action
Sequence Tokenization

wTransform action chunks via DC
(Discrete Cosine Transform) 0 - FAST
+ FAST: transforms continuous robot action chunks into dense discrete tokens via DCT + BPE

(A)Then B P E tO Create dense dISCI‘ + 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 ke nS control frequencies.

+ Autoregressive inference of VLA policies built with FAST match diffusion-based models on complex tasks
w~5x faster training than naive while being simpler to rain and deploy:
tokenization | |
wBridges discrete (trainable) and = Lo lled =3 =
continuous (precise) T
wCompatible with standard LLM |- °~ '
training pipelines p el -

ETHzirich —Swiie

Pertsch et al., PiEAST, 2025
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P10.5: Knowledge Insulation

wDiscrete FAST tokens for training

wContinuous action expert for fast
Inference

. 0.5
wKnowledge Insulatiardecouple *

» Discrete FAST tokens for training + continuous action expert for fast inference

VLM backbonefrom aCtlon expert « Trained on web-vision-language + multi-robot + mobile manipulation datasets

Sub-task decomposition via high-level/low-level prompts. Step toward open-world generalist robotics

gradients

(J.)VLM SuperVISed Wlth Crmtropy pre-training E post-training & inference
(stable)

wAction expert attends to VLM but
no gradient backflow

wRetains semantic knowledge +
faster training

wMulti-robot + mobile manipulatio

Physical Intelligence, Pi0.5, 2025

ETHziirich  Setfcotics
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P10.7: Steerable Generalist Robot Model

w5B param5(4B Gemmas Robot Data Non-Robot Data
backbone + 860M action ol b MaLtinadel WebDets
expert) ' -
. . - Language Episode
w Key innovationrich context oo || SbooslTmces | | R
conditioningLanguage Autonomous Data xS T
. . ||
Instructions + subtaslabels R Do Ton Vision-Langilage-Aorion Medel
wSubgoalmages (including ~ ®Fr" G3EES —— -
-/ action expert
enerated goa 0
g . g b Specialist-Level Dexterity }/\
w Episodaquality, speed, | ) {
Strategym etad a-ta High-Levell Policy WQrI!d M‘odel Desired Metadata
- (e ) mRE ZBEEE
w Controlmodality labels .

w Trains on heterogeneous d.
Including failures

w Context disambiguates
demonstrations

RS - BT
S \\‘2& e ( F

Poing = =

.

B\
¥ |
L

Ai et al., Pi0.7: A Steerable Generalist Robotic Foundation Model, 2026
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Pi10.7: Emergent Compositionality

w Out-of-the-box dexteritywithout task-
specific finetuning

w Matches specialist Rinetuned models

w Crossembodiment transferfolds

laundry onUR5ewithout laundry data
for that robot

w Compositional generalizatiomises new
appliancesby combining prior skills +
web knowledge

w Follows diverse opeended instructions

w Signs of languagmodelike
compositionalityin physical behavior

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

wGeneralpurpose VLA for

humanoid robots
. . « GROOT N1: a general-purpose VLA model for humanoids (vision + language — motor action
(*)DuaI'SyStem arChIteCture- » Dual-system architecture: reasoning (System 2 - VLM) + action generation (System 1- Di

SyStem 1: faSt I’eaCtive motor co  Heterogeneous training data pyramid: web videos — synthetic trajectories — real-robot data

GROOT N1 - NVIDIA

System 2: slow deliberative = ( \g( \
reasoning fA% T Rl | |
wVision + language motor | mn | g | e
actions : E |
wDesigned for wholdody contrg i )
wPart of NVIDIA's Isaac robotio = - .
platform {E :

...................................................

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 botl CS (G Oog I 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

w Multi-embodiment VLA
w Motion Transfer for
unified crossrobot control
w Agentic framework for
long-horizon planning
LBM (Toyota Research) Large Behavior Models (LBM) - TRI
w Diffusion policy at scale IR R B
w~1.700h data, ~500 tasks ottt bpssebi el b o koo b
w Rigorous realorld eval

w Focus on reliable execution

ETHzirich S

Google DeepMind, 2025; Toyota Research Institute, 2025
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Cosmos Policy: Video Models for Robot Control

w Finetunes apretrained video

: Cosmos PO'ICY N Actions,
generation modeinto a robot Current State, (i video foundation model @ ans o a ] € REX )
I Current proprio: g, € R%w, and (NVIDIA Cosmos) ,
po I ICy . CE e I"Diffusir:)nr'l'ransff:)rrnf:-}r' . ) Future prc;ﬂtétl;:.fHSEt?Rs‘?p:nfM' and
w Actions generated as latent vid ~ | - Future images:
frames, no architecture change AT |
. . . — 2 —is|  Cross-attention -§- £
wKey insight: video models alrez C_ Task Description j/ = =
: “put candies in bow!” R et Rl Value, V(s")
u nderSta‘nd phySICS and dyr]a'rr k L Noised%iokens _| N ponss ETHE[EI;I yk_rR(Sk, ﬂk) | Si‘ = S’]
-/ )

w Repurposes video prediction a:
visuomotor control

w Outperforms stateof-the-art VLAS
on manipulation benchmarks

w Effective in both simulation and
realworld bimanual tasks

w Alternative paradigm: workd
modeHirst rather than LLMirst

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

Discrete bins EfficientNet+Transformer 2022
RTF2 55B Text tokens PaliX / PaLME 2023
OpenVLA 7B Discrete bins Prismatic VLM 2024
Pi0 3.3B Flow matching PaliGemma 3B 2024
PIOFAST 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 generalistagent?

4/20/2026 31



Continuous ASA | Discrete ASA | 1 9 “m ]
Action Tokens Uy Uy Uy — Adapter Decoder

Regression (dx, dy, dz] MLP o '}'::ka;fot -_ * f f
P o - Classification ==
niform EEID :
Tokenization dx dy dz Semantic. “pick apple” [ Adapter Head ]
Tokenization [5839, 26163] f f 1 at

et T”I"- Non-Semantic “pick apple” ~ LLM Final h1 B2 B ) )

Tokenization | Tokenization [278,276] Hidden State | /¢ Ly L% Action for Environment
[- S S |

( )
— ;

( Language Embed J | Downsampler .} LAdapter Embed || Pretrained MLLM

1 Task Goal + Prompt 1 t 1 Action Space Adapter

ll I Visual Encoder w, w1

We finetune the Action Space Adaptors (ASAR)wnsampler and MLLM

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

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



Navigation

ihe rubber bond on the cup

Ul Control Real Robots

global»sources




Static Manipulation

f’o P‘

Nawgatlon

e 4M trajectoriesfor training (~500M image/actions)

90 embodiments
Over 1000 distinct tasks




Training
AWe alternate | Stage |
Su eI‘VISEd fln&unlng SFT on interactive data
(S fT) and | _ S
reinforcement learnin :
(R L) g Pr:lt IT &Ed GEA-Base
ASFTC Gather human or SFT on diverse embodied experiences

plannerbased
demonstrations of
successfully executing
task
A Training is just next
token prediction

(correct action) at any
point

(millions of trajectories)

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



Training

AWe alternate supervised fin Stage 1 Stage 2
tuning (S FT) and SFT on interactive data SFT on interactive data
reinforcement learning (RL) ~ - ~—

. Pretrained )

ARL has different MLLM GEA-Base GEA
characteristics when ~— —V
dis’[ributing| Online RL in simulation

A Workers take avariable |
amount of time Do many different
A Robot gets stuck/fails, times B tasks
out at max timesteps > and
A Dominating bottleneck is policy Garisvalivas 16 B

Inferencenot weight update settings
(training) or environment

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



GEA Evaluation

Assess Generalization To:

New Scene Layouts

New Instructions Compare against
:> benchmark

New Backgrounds specific specialists

New Objects
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ZeroShot Generalization

100 - &
Legend
@ GeA
- Domain Specialists
& J
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
3 25
0

— Procgen Habitat Nav AndroidControl LangR g



eorgia | Machine

Tech|/Learning

Are we done? Just scale it?
A2 KIFd GKAA aqazf gdSacy
ANatural language opeworld tasks
A Languagéoosted generalization

AMulti-model by nature
ACommonsense reasoning! (no more knowledge hacking)

Necessary, but maybe not sufficient

A2 KINd GKAA R2SayQi | RRNBaa
ARobustness to distribution shifts
AwWSt Al oAfAGESE al TSUés X
[AAmbiguity, lack of context, personalization in requeste 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

Goal How can we build agents that can solve tasks which require resolving ambiguity?

(@]

(@]

Given an instructionBring the cup and place it on the coffee table

Agent needs to look around and reason to ask clarification question

(@]

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. (0 Meta



Habitat 3.0

' This work:

A 83 scenes
ReplicaCAD

‘A 42 object categories|

Evaluation;

1. Novel scenes

2. Novel compositions
of ambiguity types




