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Motivation – why would we want data to solve robotics?

The world is too varied 
and too messy to hand-
engineer one robot 
behavior at a time.

Data is attractive because 
it lets robotics reuse the 
scaling logic that worked 
in vision and language: 
learn broad priors first, 
then adapt cheaply to new 
tasks, scenes, and 
embodiments.
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1. Long-tail variation

Objects, layouts, occlusion, lighting, and human behavior vary too 
much to script exhaustively.

2. Semantics from language

Data links pixels to task intent: not just where the mug is, but 
what “put it in the sink” means.

3. Reuse across tasks

One pretrained policy or representation can be post-trained faster 
than building each skill from scratch.

4. Less reward engineering

Demonstrations and logs often scale more easily than hand-
designed objectives for every manipulation task.

5. Online improvement

If robots collect more trajectories in the field, the system can keep 
improving instead of freezing at shipment.



What can robot foundation models do?
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RT-1 [Google Research, 2022] AutoRT [Google DeepMind, 2024]
[Physical Intelligence (π), 2024]

Or, at least, “do” on a video…..

GR00T N1 [NVIDIA, 2025] Helix [Figure, 2025] [Physical Intelligence (π*0.6), 2025]



How to read robot demo videos critically
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Questions to ask immediately

• Was the clip edited, sped up, or heavily choreographed?

• Was the task solved on-board, off-board, or partly by teleoperation?

• How many resets, retries, or human interventions were hidden?

• Can the robot recover after a slip, miss, or perception error?

• Is the task benchmarked, deployed, or only shown once?

• Are the success criteria clear and measurable?

Evidence ladder

Teaser attractive but weak evidence

Single demo interesting, still fragile

Uncut multi-minute run much stronger

Benchmark / many rollouts research-grade evidence

Deployed operations product-grade evidence

Use this slide whenever a video goes viral.

See also TRI LBM Team (2025). A careful examination of large behavior models for multitask dexterous manipulation. https://arxiv.org/abs/2507.05331 

https://arxiv.org/abs/2507.05331
https://arxiv.org/abs/2507.05331


Now, what’s that thing called Embodied AI / Physical AI?
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https://embodied-ai.org/ Gr00t n1: An open foundation model for generalist humanoid robots. 2025. https://arxiv.org/abs/2503.14734 

https://embodied-ai.org/
https://embodied-ai.org/
https://embodied-ai.org/
https://arxiv.org/abs/2503.14734


Embodied AI / Physical AI
• Large-scale, so-called foundation models, in Natural 

Language Processing (NLP) and computer vision can 
enable capable AI systems by providing general-
purpose pretrained models which can often 
outperform their narrowly targeted counterparts 
trained on smaller but more task-specific data. 

• Applying the same strategy to control robots is 
appealing.

• The community originating in computer vision, 
machine learning, and NLP, but now connecting their 
models to robots uses the label “Embodied AI” (e.g., 
(Deitke et al. 2022; Liu et al. 2024; Vanhoucke 
2024)).

•  The idea is to leverage the reasoning (“common 
sense”) capabilities of such models as well as their 
capability to understand visual scenes (images) in 
order to produce plans that a robot can execute.



Physical AI = Robotics?
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AI Robotics
planning

• until ~2020, AI and robotics have developed quite independently

• meeting when complex high-level plans and hence reasoning were required

Russell, S. J., & Norvig, P. (2021). Artificial intelligence: a modern approach. Khatib, O., & Siciliano, B. (Eds.). (2016). Springer handbook of robotics. 

One out of 80 chapters.



Physical AI = Robotics?
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AI Robotics
Up until recently.

planning

Hot topic now.

Gr00t n1: An open foundation model for generalist humanoid 

robots. 2025. https://arxiv.org/abs/2503.14734 

Will data solve robotics?

https://arxiv.org/abs/2503.14734
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This debate (“Data Will Solve Robotics and Automation: True or False?”) was held at the 2025 IEEE International Conference on Robotics and Automation. 
A video of the debate can be found at https://youtu.be/PfvctjoMPk8?si=Zwpt-QfJ3EiqferR. 

https://youtu.be/PfvctjoMPk8?si=Zwpt-QfJ3EiqferR
https://youtu.be/PfvctjoMPk8?si=Zwpt-QfJ3EiqferR
https://youtu.be/PfvctjoMPk8?si=Zwpt-QfJ3EiqferR
https://youtu.be/PfvctjoMPk8?si=Zwpt-QfJ3EiqferR
https://youtu.be/PfvctjoMPk8?si=Zwpt-QfJ3EiqferR
https://youtu.be/PfvctjoMPk8?si=Zwpt-QfJ3EiqferR
https://youtu.be/PfvctjoMPk8?si=Zwpt-QfJ3EiqferR
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https://vanhoucke.medium.com/the-
state-of-robot-learning-639dafffbcf8 

History – take 1 
(Vanhoucke, up until 2023)

https://vanhoucke.medium.com/the-state-of-robot-learning-639dafffbcf8
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“Say-Can” (Ahn et al. 2022)
ChatGPT for Robotics (Vemprala et al. 2024) 

“Inner Monologue” (Huang et al. 2022)

RT-1, DeepMind 2023

PALM-E (Driess et al. 2023)
RT-2, DeepMind 2023



LLMs for planning
•The deployment of Large Language 
Models (LLMs) into robotics has 
naturally started from planning, which 
was lifted into “semantic space” from 
geometric space.

•An example is the “Say-Can” model 
(Ahn et al. 2022). The reasoning and 
planning capabilities traditionally 
handled by automatic inference 
systems in the GOFAI era now leverage 
the “common sense” power of LLMs.

https://say-can.github.io/ 

https://say-can.github.io/
https://say-can.github.io/
https://say-can.github.io/


VLMs for perception
•The world state, now represented in language, 
had to be extracted from the world (perception 
or state estimation module). The next logical 
step thus was to deploy Visual Language Models 
(VLMs), which can convert images into 
language representations, as the Perception 
module (e.g., Socrates, (Zeng et al. 2022)).

•To keep the representation in sync with the real 
world (addressing the frame problem), periodic 
state reestimation and replanning is necessary, 
as exemplified in the “Inner Monologue” (Huang 
et al. 2022).

https://innermonologue.github.io/

https://say-can.github.io/


Code-LMs for action
•The final bastion of traditional robotics that 
was given LLM treatment (in the words of 
(Vanhoucke 2024)) was the action.

•This was achieved by having the language 
model generate code to be executed by the 
robot (“Code LM”), as in “Code as Policies” 
(Liang et al. 2023), Text2Motion (Lin et al. 
2023), ProgPrompt (Singh et al. 2023), or 
ChatGPT for Robotics (Vemprala et al. 
2024).

https://www.microsoft.com/en-us/research/articles/chatgpt-for-robotics/

https://innermonologue.github.io/
https://innermonologue.github.io/
https://innermonologue.github.io/
https://innermonologue.github.io/
https://innermonologue.github.io/
https://innermonologue.github.io/
https://innermonologue.github.io/


Blending it in…
•The interfaces between the modules—LLM as a planner, 
VLM as state estimator, and Code LM as action 
generator—have become a bottleneck of these 
architectures. Therefore, the next step was to “blend 
these modules in”. PALM-E (Driess et al. 2023) blended 
the LLM and VLM.



Blending it in…
•The interfaces between the modules—LLM as a planner, VLM as state estimator, 
and Code LM as action generator—have become a bottleneck of these 
architectures. Therefore, the next step was to “blend these modules in”. 

•RT-1 (Brohan, Brown, Carbajal, Chebotar, Dabis, et al. 2023) blended the 
Perception and Actuation (VLM and Code LM).

• Specialized for robots and capable of real-time execution on real-world 
tasks.

• Image sequences go through EfficientNet, language features from USE 
provide FiLM conditioning, TokenLearner compresses tokens, and the model 
outputs actions.



Blending it all in
•The final logical next step was to reason jointly about the entire problem, 
blending all the module boundaries while still leveraging “internet data”. 
Examples of this approach are RT-2 (Brohan, Brown, Carbajal, Chebotar, 
Chen, et al. 2023) or VC-1 (Yokoyama et al. 2023).

Brohan, A., Brown, N., Carbajal, J., Chebotar, Y., Dabis, J., Finn, C., ... & Zitkovich, B. (2022). Rt-1: Robotics transformer for real-world control at scale. arXiv preprint arXiv:2212.06817. Brohan, A., Brown, N., 
Carbajal, J., Chebotar, Y., Chen, X., Choromanski, K., ... & Zitkovich, B. (2023). Rt-2: Vision-language-action models transfer web knowledge to robotic control. arXiv preprint arXiv:2307.15818.

RT-2

• Uses large web-pretrained VLM backbones - PaLM-E / PaLI-X - to 
improve generalization to unseen environments.

• Fine-tunes the VLM using both RT-1-style robot data and internet-
scale vision-language tasks.

• This helped establish the now-common idea of a VLM-backed VLA.



Until recently, we extracted information 
separately using large models for each 
modality.

This often leads to shallow image / 
language understanding and weak links to 
action.

So we should learn image, language, and 
action jointly.

21

VLA Survey [R. Sapkota, arXiv, 2025]Slide: courtesy Kento Kawaharazuka
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History – take 2 
Kento Kawaharazuka

Kawaharazuka, K., Oh, J., Yamada, J., Posner, I., & Zhu, Y. (2025). Vision-language-action models 
for robotics: A review towards real-world applications. IEEE Access. 
https://ieeexplore.ieee.org/abstract/document/11164279 

https://ieeexplore.ieee.org/abstract/document/11164279


CLIPort

23

[M. Shridhar, CoRL2021]

One of the earliest end-to-end VLAs.

Extracts language and visual information with CLIP.

Combined with a Transporter Network specialized for pick-and-place.

Generates what object to place and where from RGB-D images and language.

Its CNN/MLP design limits modality handling and scalability.

Slide: courtesy Kento Kawaharazuka
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Kawaharazuka, K., Oh, J., Yamada, J., Posner, I., & Zhu, Y. (2025). Vision-language-action models for robotics: A review towards real-world 
applications. IEEE Access. https://ieeexplore.ieee.org/abstract/document/11164279 

https://ieeexplore.ieee.org/abstract/document/11164279


Gato
A single Transformer model can perform many tasks, including text chat, VQA, image 
captioning, gameplay, and robot control.

Language is tokenized with SentencePiece, images with ViT, and action tokens are 
generated autoregressively by a decoder-only Transformer.

For robotics, it covered only simple block-stacking tasks.

25

[DeepMind, TMLR2022]

Slide: courtesy Kento Kawaharazuka



VIMA

26

[Y. Jiang+, ICML2023]

An encoder-decoder Transformer that supports diverse task instructions, including goal 
images and text.

Objects are detected with Mask R-CNN; object crops are tokenized with ViT; language 
instructions with a T5 encoder; bounding boxes are also tokenized.

Supports diverse robot tasks, but experiments were only in simulation.

Slide: courtesy Kento Kawaharazuka



RT-X
Improves RT-1 / RT-2 by learning jointly from robot data with diverse embodiments 
rather than a single embodiment.

Built from 60 datasets across 22 robots, with 21 institutions and 173 authors.

27

[Open X-Embodiment, ICRA2024]

Slide: courtesy Kento Kawaharazuka
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Kawaharazuka, K., Oh, J., Yamada, J., Posner, I., & Zhu, Y. (2025). Vision-language-action models for robotics: A review towards real-world 
applications. IEEE Access. https://ieeexplore.ieee.org/abstract/document/11164279 

Schematics: courtesy Kento Kawaharazuka

https://ieeexplore.ieee.org/abstract/document/11164279


RT-Sketch
There are various Robotics Transformer variants.

Instead of a goal image - and more constrained than 
language alone - this model generates actions from a 
goal sketch image.

29

[P. Sundaresan+, CoRL2024]

Slide: courtesy Kento Kawaharazuka



RT-Trajectory
Generates actions from an end-effector trajectory input.

Other RT-family extensions include AutoRT for automatic data collection and SARA-RT for higher speed.

30

[J. Gu+, ICLR2024]

Slide: courtesy Kento Kawaharazuka



RT-H
Hierarchical structure: a high-level policy predicts an intermediate representation called 
language motion, and a low-level policy predicts actions from language motion.

A single model learns both policies by changing the prompt.

31

[S. Belkhale, RSS2024]

Hierarchical 
models
became 
popular
afterward!

Slide: courtesy Kento Kawaharazuka
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Kawaharazuka, K., Oh, J., Yamada, J., Posner, I., & Zhu, Y. (2025). Vision-language-action models for robotics: A review towards real-world 
applications. IEEE Access. https://ieeexplore.ieee.org/abstract/document/11164279 

Schematics: courtesy Kento Kawaharazuka

https://ieeexplore.ieee.org/abstract/document/11164279


Octo
First VLA to incorporate Diffusion Policy.

All tokens are concatenated and fed into a Transformer, with a Diffusion Action Head 
conditioned by a readout token.

This enables continuous-valued actions rather than discrete tokens.

It drew major attention because all source code was open.

33

[D. Ghosh+, RSS2024]

Slide: courtesy Kento Kawaharazuka



OpenVLA

Released as open source, like Octo.

Image inputs are encoded with DINOv2 and SigLIP; the backbone is Prismatic VLM 
based on LLaMA 2.

Full fine-tuning on the RT-X dataset yields higher performance than RT-2 and Octo.

OpenVLA / Prismatic VLM is frequently used as a base model.

34

[M. J. Kim+, CoRL2024]

Slide: courtesy Kento Kawaharazuka
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Kawaharazuka, K., Oh, J., Yamada, J., Posner, I., & Zhu, Y. (2025). Vision-language-action models for robotics: A review towards real-world 
applications. IEEE Access. https://ieeexplore.ieee.org/abstract/document/11164279 

Schematics: courtesy Kento Kawaharazuka

https://ieeexplore.ieee.org/abstract/document/11164279


RDT-1B
A large-scale Diffusion Transformer for robots.

Instead of using Diffusion Policy as the action head, it directly uses a Transformer to 
represent the diffusion process conditioned on image and text.

This ties vision and language more tightly to action.

36

[S. Liu+, ICLR2025]

Slide: courtesy Kento Kawaharazuka



Building blocks: Diffusion transformer

Scalable Diffusion Models with Transformers | DiT Explanation and Implementation https://youtu.be/aSLDXdc2hkk?si=KWVFSmbTDYfJvyvV

Peebles, W., & Xie, S. (2023). Scalable diffusion models with transformers. https://arxiv.org/abs/2212.09748

Dasari, S., Mees, O., Zhao, S., & Levine, S. (2024). Diffusion transformer policy. OpenReview. https://openreview.net/forum?id=PvvXDazPMs

Mees, O., et al. (2024). The ingredients for robotic diffusion transformers. https://www.oiermees.com/publication/dit_policy/

Lightly AI. (2025). Diffusion transformers explained. https://www.lightly.ai/blog/diffusion-transformers-dit
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https://dit-policy.github.io/ 

• Start from random (noisy) action trajectory
• Iteratively refine (“denoise”) into a valid 
action
• Transformer attends to:
   – Vision (scene)
   – Language (task)
• Each step improves the action

Key idea:
Refine noise into structured behavior

https://youtu.be/aSLDXdc2hkk?si=KWVFSmbTDYfJvyvV
https://arxiv.org/abs/2212.09748
https://openreview.net/forum?id=PvvXDazPMs
https://www.oiermees.com/publication/dit_policy/
https://www.lightly.ai/blog/diffusion-transformers-dit
https://www.lightly.ai/blog/diffusion-transformers-dit
https://www.lightly.ai/blog/diffusion-transformers-dit
https://www.lightly.ai/blog/diffusion-transformers-dit
https://www.lightly.ai/blog/diffusion-transformers-dit
https://dit-policy.github.io/
https://dit-policy.github.io/
https://dit-policy.github.io/


LAPA

38

[S. Ye+, ICLR2025]

Extract latent actions from unlabeled human demonstration videos and use them for VLA pretraining

Compute the feature difference between x_t and x_{t+H}, tokenize it into z_t with a VQ-VAE, and learn to reconstruct 

x_{t+H} from x_t and z_t.

Train the model so that z_t can be predicted from the VLA readout token through an MLP.

During post-training, replace only the MLP and learn the robot action outputs.

Makes it possible to use large-scale human demonstration videos as training data.

Slide: courtesy Kento Kawaharazuka
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Kawaharazuka, K., Oh, J., Yamada, J., Posner, I., & Zhu, Y. (2025). Vision-language-action models for robotics: A review towards real-world 
applications. IEEE Access. https://ieeexplore.ieee.org/abstract/document/11164279 

Schematics: courtesy Kento Kawaharazuka

https://ieeexplore.ieee.org/abstract/document/11164279


𝜋0
Uses Flow Matching instead of a diffusion process, enabling 50 Hz action generation.

The base model is PaliGemma, using Gemma and SigLIP.

Conditioned on proprioception and the Transformer readout token, it outputs a vector 
field and recovers the desired action.

40

[Physical Intelligence, 2024]

Slide: courtesy Kento Kawaharazuka



𝜋0

41

[Physical Intelligence (π), 2024]

https://www.physicalintelligence.company/blog/pi0

https://www.physicalintelligence.company/blog/pi0
https://www.physicalintelligence.company/blog/pi0


𝜋0.5
During pretraining, it learns subtask prompts and discrete action tokens.

During post-training, it takes a subtask prompt as input and learns with Flow Matching.

It integrates two levels: discrete actions are easier to align with language, but the final 
output should be smooth and continuous.

42

[Physical Intelligence, 2025]

post-training & inference
Slide: courtesy Kento Kawaharazuka



𝜋0.6
∗

43

How can robots keep learning behaviors from real experience?

Imitation learning -> deployment / assistance / value learning -> reinforcement learning

Continue tuning the VLA with batch offline RL.

Succeeded in making espresso continuously for 13 hours.

[Physical Intelligence, 2025]

Slide: courtesy Kento Kawaharazuka



GR00T N1

Combines essentially everything we have seen so far: hierarchy, Flow Matching, Diffusion 
Transformer, and data usage inspired by LAPA.

Applies cross-attention from VLM tokens to a Diffusion Transformer and outputs 
continuous actions with Flow Matching.

44

[NVIDIA, 2025]

Slide: courtesy Kento Kawaharazuka
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Categories of VLA architectures

There are three main forms.

Most VLAs are sensorimotor, but other forms are also used.

46

Sensorimotor Model World Model Affordance Model

Slide: courtesy Kento Kawaharazuka



Categories of sensorimotor-model VLAs

A typical example

1. RT-1, Gato

2. Octo, NoMAD

3. RDT-1B, LBMs

4. RT-2, GR-1

5. 𝜋0, GO-1

6. GR00T N1

47

Slide: courtesy Kento Kawaharazuka
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Goldberg, K. (2025). Good old-fashioned engineering can close the 100,000-year “data gap” in robotics. Science Robotics, 10(105), eaea7390.
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Data collection methods
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Bjorck, J., Castañeda, F., Cherniadev, N., Da, X., Ding, R., Fan, L., ... & Zhu, Y. (2025). Gr00t n1: An open foundation model for 

generalist humanoid robots. https://arxiv.org/abs/2503.14734 

https://arxiv.org/abs/2503.14734
https://arxiv.org/abs/2503.14734


Data collection methods
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Bjorck, J., Castañeda, F., Cherniadev, N., Da, X., Ding, R., Fan, L., ... & Zhu, Y. (2025). Gr00t n1: An open foundation model for 

generalist humanoid robots. https://arxiv.org/abs/2503.14734 

https://arxiv.org/abs/2503.14734
https://arxiv.org/abs/2503.14734


Data collection methods
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Bjorck, J., Castañeda, F., Cherniadev, N., Da, X., Ding, R., Fan, L., ... & Zhu, Y. (2025). Gr00t n1: An open foundation model for 

generalist humanoid robots. https://arxiv.org/abs/2503.14734 

https://arxiv.org/abs/2503.14734
https://arxiv.org/abs/2503.14734


Data collection methods
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Bjorck, J., Castañeda, F., Cherniadev, N., Da, X., Ding, R., Fan, L., ... & Zhu, Y. (2025). Gr00t n1: An open foundation model for 

generalist humanoid robots. https://arxiv.org/abs/2503.14734 

https://arxiv.org/abs/2503.14734
https://arxiv.org/abs/2503.14734


18/03/2026 © MATEJ HOFFMANN 54

https://www.pi.website/blog/pistar06 

https://www.pi.website/blog/pistar06
https://www.pi.website/blog/pistar06
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Good Old-Fashioned AI, Embodied 
Intelligence, and Embodied AI
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Illustration: Shun Iwasawa, from Pfeifer, R: How the body shapes the way we think, 2007

Classical: “intelligence 
as computation”

Input Output

sense

think

act



• formally precisely defined discrete state space
• program has access to complete information (fully observable)
• deterministic state evolution
• not real-time (or soft real time)

• Premiere methods – e.g.: search, planning

Where it works nicely… search

IBM Deep Blue chess computer, 1997 Google Deep Mind AlphaGo, 2016
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Where it works nicely… search

IBM Deep Blue chess computer, 1997 Google Deep Mind AlphaGo, 2016



Classical AI – theoretical positions

Intelligence ~ abstract symbol processing

Functionalism
◦ Algorithm / software matters

◦ Hardware (on which it runs)  

 does not matter

Physical Symbol Systems 

   Hypothesis (Newell and Simon 1976) 

Digital computer 
◦ Key tool

◦ Metaphor for the mind!

Nicknamed GOFAI – Good Old-Fashioned Artificial Intelligence (Haugeland 1989)

Fig. 2.4 from Pfeifer & Scheier 1999



Connecting the representation to the real world

Fig. 2.5 from Pfeifer & Scheier 1999



From formal world to the real world

GOFAI for robotics? 



From formal world to the real world

Ancient times: 

Input Output

sense
think

act

update internal 
representation

compute over 
internal 
representation

Stanford Cart, 1975

Each flash ~ 15 min. thinking.



GOFAI for robotics - problems

• The “interfaces” with the real world—previously 
uninteresting and underestimated—became fundamental 
and practical challenges. 

• Frame problem
• keeping the internal representation of the world consistent with 

the real world outside

• Symbol grounding problem (Harnad, 1990)
• relationship of the symbolic representation and the outside 

world



The initial hopes of 
applying for example 
theorem solving (e.g., 
(Fikes and Nilsson 1971)) 
to real-world robot tasks 
have never really 
materialized.



18/03/2026 © MATEJ HOFFMANN 66

Embodiment

behavior is not in the brain

      (or cell, molecule…)

      

it is in the interaction

Illustrations: Shun Iwasawa, from R. Pfeifer & J. 
Bongard: How the body shapes the way we think, 2007

cf.  “all behavior is a result of brain function”
Eric R. Kandel, Ch. 1: The Brain and Behavior, in Kandel, 

E.R., Schwartz, J.H. and Jessell, T.M. eds., 2000. Principles of 
neural science (Vol. 4, pp. 1227-1246)

Pfeifer, R., Lungarella, M., & Iida, F. (2007). Self-organization, 
embodiment, and biologically inspired robotics. Science.



Research questions

Classical AI
◦ Thinking, reasoning, abstract problem solving

Embodied Intelligence
◦ Movement, physical interaction with the real world

“Why do plants not have brains? The answer is actually quite simple: they don’t have 
to move.”

      Lewis Wolpert, UCL



Morphological “computation”

Müller, V.C. & Hoffmann, M. (2017), 'What is morphological computation? On how the body contributes to cognition and 
control', Artificial Life 23 (1), 1-24. 



Physical implications of embodiment

~ morphology facilitating control

Is brain/computation needed for walking?

Passive dynamic walkers (McGeer 1990)
◦ “pure physics walking”

◦ No computer

◦ No motors

◦ No sensors

Cornell PDW with arms, 
Collins et al. 2001

Morphology:
- shape of feet

- counterswing of 
arms

- friction on
bottom of  feet



Grey Walter
Tortoises, 1940s

V. Breitenberg, 1980s

R. Brooks, 1980s
subsumption 
architecture



Grey Walter’s tortoises



Pfeifer, R., Lungarella, M., & Iida, F. (2007). Self-organization, embodiment, and biologically inspired robotics. Science.



Behavior-based robotics manifestos

MATEJ HOFFMANN 2017 -
EMBODIED AI



Parallel loosely coupled processes

Input Output

sense
think

act

Cisek, P., & Kalaska, J. F. (2003). Reaching movements: 
implications for computational models. Handbook of Brain Theory 

and Neural Networks, 945-948.

Brooks, Rodney (1999). Cambrian Intelligence: The Early History of 
the New AI. Cambridge, Massachusetts: The MIT Press.

Subsumption architecture
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How embodied is this embodied AI?

• Rt-2: Vision-language-action models transfer web 
knowledge to robotic control

• Reminiscent of Good Old-Fashioned AI (GOFAI, ~ 1950s-
1970s)

• Will it inherit its problems?

Input Output

sense

think
act
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https://arxiv.org/abs/2505.10705 

https://arxiv.org/abs/2505.10705
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“Embodied AI” is weakly embodied.

I call it Weakly Embodied AI (WEAI). 

Motor 
commands

Sensory
feedback

Robot body 
interacting with 

the world

VLMsCode LMs

LLMs
planning
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Embodiment checklist (1)

0. Behavior is not in the 
brain/controller but in the closed-
loop interaction of the controller, 
the body, and the environment.

1. Body morphology facilitates 
control.

Embodied intelligence “Embodied AI”

0. Behavior is in the controller—in the large model.

1. There is little room for the agent body to be exploited 
to fulfill the task. The robot platforms used—like 
mobile robots or robot arms with 2-finger grippers—do 
not feature rich body dynamics that could be 
exploited for the task. Moreover, the details of the 
sensory and motor interfaces of the robots are 
abstracted away.




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Embodiment checklist (2)

2. Sensor morphology facilitates 
perception.

Embodied intelligence “Embodied AI”

2. WEAI leverages the power of deep neural networks to find 
patterns in static images (e.g., object recognition) and how 
what is on the images can be translated into text (VLMs). 
The inputs need to be more or less standard RGB images.

The power of Convolutional Neural Networks (CNNs) and 
Visual Transformers on tasks like recognition will hardly 
transfer to particular sensor morphologies like with non-
uniform spacing of light sensitive cells. 

Thus, sensor morphologies designed for a particular task 
environment are not compatible with the WEAI approach.



CurvACE – artificial compound eye  - image courtesy of Dario Floreano
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Embodiment checklist (3)

3. Sensorimotor coordination 
and active perception.

Embodied intelligence “Embodied AI”

3. Typical WEAI architectures aim to maximally exploit the “common sense” of LLMs 
to solve tasks without the need for additional training—also called “zero shot”. In 
this case, there is no possibility to exploit the closed-loop embodied interaction 
with the environment. 

 
When additional training (finetuning) of the 
model takes place, it typically uses offline 
datasets collected when for example a human 
was teleoperating the robot to solve the 
task. 
The operator may exploit sensorimotor 
coordination to solve the task and this 
would be transferred to the robot controller. 
However, there has to be a match in the 
situatedness, i.e. the human and the robot 
will have to see through similar “eyes”. If the 
operator drives the robot using for example a 
third person view but the robot has an 
egocentric camera, the transfer will not work.



Grey Walter
Tortoises, 1940s
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Active embodied interaction vs. offline learning

Hoffmann and Patni (2026): Embodied AI in Machine Learning – is it 
Really Embodied? https://arxiv.org/abs/2505.10705 

(coming up in Embodied Intelligence, MIT Press, 2026)

https://arxiv.org/abs/2505.10705
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Generalization across robot bodies?

1. the models/controllers are based on a transformer network

2. they were trained offline in a supervised manner using imitation 
learning

3. the action space consisted of discretized target positions and 
orientations for the robot (end effector) in the Cartesian space or rates 
of these quantities, plus gripper opening
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How come the cross-embodiment controllers work?

• the embodiment there is shallow

• abstraction layer that reduced every robot to 
• Cartesian coordinates of its gripper (manipulator) 

• the coordinates of the robot’s center of mass (mobile robot) 

• models were trained to learn a mapping from camera images to a low-
dimensional action space, conditioned on a goal expressed in 
• language (“pick apple from ... and place on ...” (Padalkar et al., 2023)) 

• a goal image (Yang et al., 2024). 

• The fact that the robot has joints is abstracted away. 

• The control has a coarse spatial (discretized low-dim. action space) and 
temporal  resolution (3-10 Hz). Interaction forces are not considered.

• This is not “real robotics” or “real embodiment”.

• What are the real tasks one can do with this representation?



Is this only a matter of 
getting relevant data 
from more robots and 
making a bigger  model 
or are there principled 
roadblocks?

3/18/2026 © MATEJ HOFFMANN 84
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Fundamental problems of cross-embodiment

1. More profound 
embodiment implies 
larger models and 
less positive 
transfer between 
embodiments.

◦ Cartesian space to 
joint space?

2. Principle of ecological balance: The 
complexity of the agent’s sensory, 
motor, and neural systems should 
match.

Current cross-embodiment learning:
◦ gigantic brain shared across embodiments, 

irrespective of the agent’s complexity.

◦ mismatch between the dimensionality of 
the input space (raw RGB images, i.e. 
high-dimensional input) and the output 
space (7-dimensional discretized action 
space).

3. Cross-embodiment 
prevents 
exploitation of 
embodiment. 

Muller & Hoffmann 2017



Biological intelligence – different bodies 
yield different brains and controllers

Krubitzer, L., & Kahn, D. M. (2003). Nature versus nurture revisited: an old 

idea with a new twist. Progress in neurobiology, 70(1), 33-52.

Transformers – one brain rules them 
all - new kind of intelligence?

• Scaling problems – to further improve 
performance, exponential increase in model & 

compute for training and inference may be 
needed.

• Hugely inefficient compared to biology.
• Universal “flat” brain structure.

•  Embodiment not exploited.

Brooks (1989, 1991)

Marshall & Barron (2025): 
Are transformers truly 

foundational for robotics?

honey bee brain



Physical AI = Robotics?
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AI Robotics
Up until recently.

planning

Hot topic now.

Gr00t n1: An open foundation model for generalist humanoid 

robots. 2025. https://arxiv.org/abs/2503.14734 

Future?

https://arxiv.org/abs/2503.14734


Summary and possible exam topics
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Resources & references

Online talks:

• R. Tedrake (TRI): Multitask transfer in TRI’s large behavior models for dexterous manipulation,” 
Stanford seminar, 25 April 2025; available at https://youtube.com/watch?v=TN1M6vg4CsQ

• Ken Goldberg (UC Berkeley, Ambi Robotics): What robots can (& can’t) do in 2025; 
https://youtu.be/94v3zRfBQXQ?si=jNAq6KnAvVfm8CvK  

 Articles

• Amato, N. M., Hutchinson, S., Garg, A., Billard, A., Rus, D., Tedrake, R., ... & Goldberg, 
K. (2025). “Data will solve robotics and automation: True or false?”: A debate. Science 
Robotics, 10(105), eaea7897. 

• Goldberg, K. (2025). Good old-fashioned engineering can close the 100,000-year “data 
gap” in robotics. Science Robotics, 10(105), eaea7390. 

• Kawaharazuka, K., Oh, J., Yamada, J., Posner, I., & Zhu, Y. (2025). Vision-language-
action models for robotics: A review towards real-world applications. IEEE Access. 
https://ieeexplore.ieee.org/abstract/document/11164279 
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