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Icon source: https://www.pngegg.com/en/png-zhyar

Vision is Over-Simplified:  Passively Parsing the 
Information Received from the World

Tiger

𝑜𝑡 𝑦𝑡

Passive labeling
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Label 𝑦𝑡

Observations 𝑜𝑡

Observations 𝑜𝑡+1

Image source S. Levine



Humans are Embodied Agents: We Act, We 
Perceive and We Predict
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Action 𝑎𝑡

Observations 𝑜𝑡

Observations 𝑜𝑡+1

Image source S. Levine



What does it mean acting?
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We Take Actions to Achieve Goals (Rewards)

Action: muscle contractions

Rewards: food, attentions

Action: muscle contractions

Rewards: food
https://www.salon.com/2021/01/16/human-breeding-of-
cats-has-made-them-look-like-they-are-always-in-pain/

Image credit S. Levine

Action: steering, acceleration

Rewards: win

https://racingnews365.com/championship-standings-after-
2024-f1-australian-grand-prix

Action: selecting companies, 

buying, selling
Rewards: cash

Action: (x, y) location

Rewards: win
https://en.wikipedia.org/wiki/G o_%28game%29

Action: jump, ↑←→↓

Rewards: win
Image credit Nintendo

Action: RGB at each pixel

Rewards: cash, aesthetics
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Decision Making: Decide What Actions to Take

yes no

yes no

yes no

Have a 
breakfast

Have a 
lunch

Have a 
dinner

I.I.D decision making
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Decision Making Problems Are Often Sequential  

yes no

yes no

yes no

Have a 
breakfast

Have a 
lunch

Have a 
dinner

I.I.D decision making Sequential decision making
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Decision Making Problems Are Often Sequential  

https://youtu.be/a_YGPbWJO5g?si=3ZEr3rc5gjQ9JluX https://youtu.be/6Zbhvaac68Y?si=Ivi7bak6xi-ByGzA https://youtu.be/I-Y5FHI4JXc?si=mzqvEBCyu-YnYKun

https://www.youtube.com/watch?v=BhMSzC1crr0 https://youtu.be/cM6woUhJsCo?si=dKOi0WOUOLfbgkAk https://youtube.com/shorts/GYeSEKnHjDI?si=8xSn3p9EB
oW4nwBy



Each Decision You Make Influence Future Outcomes

League of Legends Age of Empire 2

What is my first item? Where should I drop the town center?
How many villagers on wood?

When should my villagers explore the map?
⋮
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How to decide which action to take?
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Reinforcement Learning: Learns to Maximize 
the Total Reward of an Episode of Interaction

Slide adapted from S. Levine

• A trajectory of interaction in the environment

Action 𝑎𝑡

State 𝑠𝑡
Reward 𝑟𝑡

State 𝑠𝑡+1
Reward 𝑟𝑡+1

• Maximize the expected value of the cumulative sum of reward
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Reinforcement Learning Enables High-Fidelity Robot 
Actions

https://youtu.be/I44_zbEwz_w?si=PFlyzgfxpX81mapV

We won’t cover in this course! Check Robot Perception and 
Learning / (Deep) Reinforcement Learning



Learning to Act by Cloning Behaviors

13https://blog.ohiohealth.com/simple-ways-teach-family-heritage/



Collect Behaviors by Teleoperation

https://youtu.be/Bhg3uOx9ZPw?si=et7L0endzGvGPJz-https://youtu.be/9-9udQtO1PY?si=AZCr7n_9V41BA2o9
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Teleoperation is too expensive!



Learning to Act by Visual Imitation

Video credit Carta: Human Origins: Lessons from Autism Spectrum Disorders 15 But How???



How Can Perception Facilitate Action?

Perception

Cognition Action
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How Can Cognition Facilitate Action?

Perception

Cognition Action
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18 Image credit Daniel Jurafsky and James H. Martin

Large Language Models Capture the 
Distribution of Internet Data

Image credit Wikipedia



19 https://openai.com/index/introducing-o3-and-o4-mini/

Large Language Models Show Strong Cognition
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https://huggingface.co/blog/vision_language_pretraining#

4-masked-language-modeling--image-text-matching

Vision-Language Models Capture the 
Distribution of Internet Text-Image Data



21 https://youtu.be/hIIlJt8JERI?si=D-h4rfBPR7-Cq142

Large Language Models Show Strong 
Cognition and Perception
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EMMA: End-to-End Multimodal Model for 

Autonomous Driving.  Hwang et al.

Large Language Models Show Strong 
Cognition and Perception



23 Gemini Robotics: Bringing AI into the Physical World

Large Language Models Show Strong 
Cognition and Perception



24 Gemini Robotics: Bringing AI into the Physical World

Large Language Models Show Strong 
Cognition and Perception



25 Gemini Robotics: Bringing AI into the Physical World

Large Language Models Show Strong 
Cognition and Perception



How Can Cognition and Perception Facilitate 
Action?

Perception

Cognition Action
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How Can We Turn VLM into Robot Policies?
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Asimo by Honda



Idea 0: Prompt VLM to Predict Actions
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• The idea doesn’t work well:

➢ Robotic manipulation require high-precision actions, but discrete text 
is not an appropriate representation for continuous actions

➢ VLMs are not trained to predict actions.  The output is not grounded…



Idea 1: Prompt VLM to Select Marks

29 Set-of-Mark Prompting Unleashes Extraordinary Visual Grounding in GPT-4V.  Yang et al.



Idea 2: Translate

30 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs.  Nasiriany et al.



31 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs.  Nasiriany et al.

Sampled actions are too few, we need high-
precision actions for robotic manipulation…



32 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs.  Nasiriany et al.

Evolutionary Search for Action Prediction



33 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs.  Nasiriany et al.

Evolutionary Search for Action Prediction



34 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs.  Nasiriany et al.

Results: Zero-shot Robotic Control



35 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs.  Nasiriany et al.

Results: Zero-shot Spatial Understanding



36 PIVOT: Iterative Visual Prompting Elicits Actionable Knowledge for VLMs.  Nasiriany et al.

Results

How to handle high-dimensional actions e.g
rotation, gripper openness?



Idea 2: Prompt VLM to Predict Affordance 
and Translate Affordance into Actions

37 Affordances from Human Videos as a Versatile Representation for Robotics.  Bahl et al.

Affordance: Where and How to 
Interact with objects



How to Infer Where to Interact with Objects?

38
VoxPoser: Composable 3D Value Maps for Robotic 

Manipulation with Language Models.  Huang et al.

• Object detection decides where Interact with objects

towel
rack

task: hang towel on rack

But the affordance encodes coarse 3d position , we 
need precise position, rotation and openess…



How to Infer Where to Interact with Objects?

39
M2T2: Multi-Task Masked Transformer for Object-centric Pick 

and Place.  Yuan et al.

• But the affordance encodes coarse 3d position , we 
need precise position, rotation and openess…



How to Infer How to Interact with Objects?

40
Manipulate-Anything: Automating Real-World Robots using 

Vision-Language Models.  Duan et al.

how

where

Writing codes to represent motion 
trajectories (how to interact with objects)



Prompt VLM to Predict Affordance and 
Translate Affordance into Actions

41
Manipulate-Anything: Automating Real-World Robots using 

Vision-Language Models.  Duan et al.



VLMs Can Do More: Task Planning

42
Manipulate-Anything: Automating Real-World Robots using 

Vision-Language Models.  Duan et al.



VLMs Can Do More: Success / Failure Detection

43
Manipulate-Anything: Automating Real-World Robots using 

Vision-Language Models.  Duan et al.



Putting Everything Together: VLMs Enable 
Zero-Shot Robotic Data Generation
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Results: Zero-Shot Robotic Data Generation

45
Manipulate-Anything: Automating Real-World Robots using 

Vision-Language Models.  Duan et al.



Results: Generated Demonstrations Are as 
High-Quality as Expert Demonstrations

46
Manipulate-Anything: Automating Real-World Robots using 

Vision-Language Models.  Duan et al.

• Behavior cloning with different generated data



Is the Method All We Need? No! The Performance is 
Bottlenecked by the Grasp Predictor

47



Idea 3: Prompt VLM to Generate Motion 
Constraints and Obtain Actions with Solvers

48

Motion Constraints

Solvers



How to Represent Constraints?
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ReKep: Spatio-Temporal Reasoning of Relational 

Keypoint Constraints for Robotic Manipulation

• Idea: Object-centric constraints

def pick_up_mug(pose_ee, pose_mug):

dist = norm(

pose_ee[:3] – pose_mug[:3])

return dist

• Problem:
➢ Limited to rigid bodies
➢ Understanding 3D rotation is more 

difficult than 3D position



How to Represent Constraints?
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• Idea: Point-based constraints

def pick_up_mug(points_ee, 

points_mug):

ee_inds = ...

mug_inds = ...

dist = norm(

points_ee[ee_ind, :3]

– pose_mug[mug_inds, :3])

return dist

• Goodness:
➢ Generalize to non-rigid bodies
➢ Constraints on 3D rotation can be 

represented by constraints on points

ReKep: Spatio-Temporal Reasoning of Relational 

Keypoint Constraints for Robotic Manipulation



How to Represent Constraints?

51
ReKep: Spatio-Temporal Reasoning of Relational 

Keypoint Constraints for Robotic Manipulation

• Subgoal constraints characterize motion to achieve the current subgoal
• Path constraints characterize motion to reach the next subgoal



How to Detect Keypoints?

52
ReKep: Spatio-Temporal Reasoning of Relational 

Keypoint Constraints for Robotic Manipulation

Segment an image Obtain points within each mask 
by clustering pixel features

Lift points to 3D



Obtain Actions by Solving the Motion Constraints

53
ReKep: Spatio-Temporal Reasoning of Relational 

Keypoint Constraints for Robotic Manipulation



Results
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ReKep: Spatio-Temporal Reasoning of Relational 

Keypoint Constraints for Robotic Manipulation



Results
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ReKep: Spatio-Temporal Reasoning of Relational 

Keypoint Constraints for Robotic Manipulation



Results

56
ReKep: Spatio-Temporal Reasoning of Relational 

Keypoint Constraints for Robotic Manipulation



Can We Directly Learn to Predict Actions?

57



Collect Behaviors by Teleoperation

58



CuRobo: CUDA Accelerated Robot Library RLBench: Robot Learning Benchmark.  James et al.
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Collect Behaviors by Motion Planning



All You Need is to Collect More Demonstration Data

Open X-Emobiment

60

AGIBOT World

DROID



Learning to Act by Cloning Behaviors from 
Demonstrations

Slide adapted from S. Levine

𝑜1
1, 𝑎1

1, 𝑜2
1, 𝑎2

1, … , 𝑜𝑇
1 , 𝑎𝑇

1

𝑜1
2, 𝑎1

2, 𝑜2
2, 𝑎2

2, … , 𝑜𝑇
2 , 𝑎𝑇

2

…
𝑜1
𝑁 , 𝑎1

𝑁 , 𝑜2
𝑁 , 𝑎2

𝑁 , … , 𝑜𝑇
𝑁 , 𝑎𝑇

𝑁

𝑜𝑡
𝑀 𝜋(𝑎|𝑜𝑡

𝑀)

𝑎𝑡
𝑀 𝑑𝑖𝑠𝑡(𝑎𝑡

𝑀 , 𝜋(𝑎|𝑜𝑡
𝑀))

backprop

policy

Step 1: Collect demonstrations Step 2: Train the policy to imitate

61



Image credit S. Levine]

Multi-modality Behaviors:  The Same Task 
can be Done in Different Ways

Diffusion policy: Visuomotor policy 
learning via action diffusion

How to model multi-modal behaviors?
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63 Slide credit Kaiming He

We need generative modeling!
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Recap: Capture Probabilistic Distribution

𝑜 𝑦𝑝𝑟𝑒𝑑

𝑦𝑝𝑟𝑒𝑑
∗ = argmin

𝑦𝑝𝑟𝑒𝑑

1

𝑁
Σ𝑛=1
𝑁 |𝑦𝑝𝑟𝑒𝑑 − 𝑦𝑛|

2

𝑦

𝑝(𝑦|𝑜)

𝑦𝑝𝑟𝑒𝑑
∗

𝑜 𝑞(𝑦|𝑜)

𝑞∗(𝑦|𝑜) = argmin
𝑞∗

𝐷𝐾𝐿(𝑞 𝑦 𝑜 , 𝑝 𝑦 𝑜 )

𝑦

𝑝(𝑦|𝑜)

𝑞∗(𝑦|𝑜)

Deterministic
• predicts the same output 

given the same input

Probabilistic
• predicts the same likelihood of all 

output given the same input
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Recap: Probabilistic Generative Models

Input
Mean 𝜇

Std 𝜎

𝜇

𝜎

Gaussian
• Predict the mean and 

standard deviation to model 
the probability of sample “x”

• VAE, Diffusion models etc

Categorical
• Predict the categorical 

probability of sample “x”
• Most LLMs etc

Input
Logit 𝑥1

Logit 𝑥2

Logit 𝑥𝑛

⋮

𝑝(𝑥)

𝑥2𝑥1 𝑥𝑛⋮
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Recap: Discrete Autoregressive Transformer as 
Generative Models

Tell me a joke

Once upon

once ⋮old hello

https://openai.com/index/introducing-gpt-4-5/
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Recap: Diffusion Models as Generative Models

Image source: https://cvpr2023-tutorial-diffusion-models.github.io/
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Learning Diffusion Models as Robot Policies

𝝉𝑁 ~𝑁(𝟎, 𝟏) 𝝉𝑁−1 𝝉2 𝝉1 Trajectory prediction

…

𝜖𝜃
𝑙𝑜𝑐, 𝜖𝜃

𝑟𝑜𝑡 𝜖𝜃
𝑙𝑜𝑐, 𝜖𝜃

𝑟𝑜𝑡 𝜖𝜃
𝑙𝑜𝑐, 𝜖𝜃

𝑟𝑜𝑡

𝝉0

Noise ActionGenerative reverse denoising process

Fix forward diffusion process

3D Diffuser Actor: Policy Diffusion with 3D Scene Representations.  Ke et al.



Learning Diffusion Models as Robot Policies

Planning with Diffusion for Flexible Behavior Synthesis.  Janner et al. 69



Diffusion Policy: Visuomotor Policy Learning via Action Diffusion.  Chi et al.

An input image is represented by a flattened feature vector

70

Diffusion Policy with 2D Inputs



Diffusion Policy with 2D Inputs

Diffusion Policy: Visuomotor Policy Learning via Action Diffusion.  Chi et al. 71



“Open the drawer”

Denoising 

Transformer

Denoising step

𝜖𝜃
𝑙𝑜𝑐(𝒐, 𝑙, 𝑐, 𝝉𝑖 , 𝑖)

𝜖𝜃
𝑟𝑜𝑡(𝒐, 𝑙, 𝑐, 𝝉𝑖 , 𝑖)

𝑖

Depth map

Image

2D to 3D unprojection Multi-view aggregation

MLP

…

Image 
Encoder

MLP

MLP

MLP

…

Language 
Encoder

Proprioception 
token

Noised trajectory 
tokens

𝝉𝑖

𝒄

3D scene tokens

𝒐
Language tokens

𝑙

Diffusion Policy with 3D Inputs

723D Diffuser Actor: Policy Diffusion with 3D Scene Representations.  Ke et al.



Calvin Real-world

73

Diffusion Policy with 3D Inputs
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Recap: Discrete Autoregressive Transformer as 
Generative Models

Tell me a joke

Once upon

once ⋮old hello

Can we have learn autoregressive 
transformers as robot policies?
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Idea: Transformer Vision-Language Models (VLMs) into 
Vision-Language-Action Models (VLAs)

RT-2: Vision-Language-Action Models Transfer Web Knowledge to 

Robotic Control.  Google DeepMind.
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Idea: Transformer Vision-Language Models (VLMs) into 
Vision-Language-Action Models (VLAs)

OpenVLA: An Open-Source Vision-Language-Action Model.  Kim et al.
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Training OpenVLA

OpenVLA: An Open-Source Vision-Language-Action Model.  Kim et al.

Token 1 ⋮Token 2 Token 255

Tokenization

loss

How to tokenize real-valued actions?
Normalization and mapping to rarely used tokens
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Inference with OpenVLA

OpenVLA: An Open-Source Vision-Language-Action Model.  Kim et al.
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Is OpenVLA All We Need? No! It doesn’t Generalize 
Well…

Evaluating Real-World Robot Manipulation Policies in Simulation.  Li et al.

Train on real-world datasets and test on digital 
twins of these real-world environments

Real world Digital twins



80

Is OpenVLA All We Need? No! It doesn’t Generalize 
Well…

Evaluating Real-World Robot Manipulation Policies in Simulation.  Li et al.
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What’s More Can We Do?  VLA + Diffusion Models

𝜋0:A Vision-Language-Action Flow Model for General Robot Control.  Black et al.
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Very Impressive Real-World Robotic Demo

𝜋0:A Vision-Language-Action Flow Model for General Robot Control.  Black et al.



Can We Incorporate Reasoning in VLAs?

83



84

For LLMs, Intermediate Reasoning Enhances Text 
Generation Tasks

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models.  Wei et al.
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Idea: Incorporate 
Reasoning in VLAs

Robotic Control via Embodied Chain-of-Thought Reasoning.  Zawalski et al.

• Train VLAs to perform reasoning before 
generating actions

• Problems:
➢ What to reason?
➢ Where is the training data?
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Embodied Chain-of-Thought

Robotic Control via Embodied Chain-of-Thought Reasoning.  Zawalski et al.
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Prepare for Training Data

Robotic Control via Embodied Chain-of-Thought Reasoning.  Zawalski et al.
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Embodied Chain-of-Thought

Robotic Control via Embodied Chain-of-Thought Reasoning.  Zawalski et al.
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Intermediate Reasoning Enables Interactive Human-
Policy  Correction

Robotic Control via Embodied Chain-of-Thought Reasoning.  Zawalski et al.
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Results:  Stronger Generalization to Out-of-distribution 
Data

Robotic Control via Embodied Chain-of-Thought Reasoning.  Zawalski et al.



Can We Incorporate Visually Grounded 
Reasoning in VLAs?

91



Videos Elaborate the Execution of a Task

92 Video generated by Google DeepMind Veo3



World Action Models: Reasoning with Videos in VLAs

Unleashing large-scale video generative pre-training for visual robot manipulation.  Wu et al.93



Advantage: Pre-training on Action-free Videos

GR-2: A Generative Video-Language-Action Model with Web-Scale 

Knowledge for Robot Manipulation.  Cheang et al.94



Results

95 Unleashing large-scale video generative pre-training for visual robot manipulation.  Wu et al.



Results

96
GR-2: A Generative Video-Language-Action Model with Web-Scale 

Knowledge for Robot Manipulation.  Cheang et al.



Results
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GR-2: A Generative Video-Language-Action Model with Web-Scale 

Knowledge for Robot Manipulation.  Cheang et al.



Problem: Videos Make Physical Interpretation 
Indirect and Ambiguous

98



Can We Incorporate Other Kind of Visually 
Grounded Reasoning in VLAs?

99



What Do We Learn from Watching a Demonstration?

Affordances from Human Videos as a Versatile Representation for Robotics.  Bahl et al.100



Where to interact with the object How to interact with the object

Affordances from Human Videos as a Versatile Representation for Robotics.  Bahl et al.

What Do We Learn from Watching a Demonstration?

101



Visually Grounded Reasoning with 2D Waypoints 

Gemini Robotics: Bringing AI into the Physical World102



Idea: Reasoning with 2D Waypoints in VLAs

ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning. Huang et al.103



How to Train VLMs for Reasoning?

ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning. Huang et al.104



DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language 
Models. Shao et al.

Training with RL: PPO

Measure how much better the current action is, compared to the average ”learned value” 

Limit the deviation of updated policy from the original “reference policy” 

105



DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language 
Models. Shao et al.

Training with RL: GRPO

Measure how much better the current action is, compared to the average ”sampled value” 

Limit the deviation of updated policy from the original “reference policy” 

106



Results

ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning. Huang et al.107



Results

ThinkAct: Vision-Language-Action Reasoning via Reinforced Visual Latent Planning. Huang et al.108



Can We Incorporate Physically Grounded 
Reasoning in VLAs?

109



• 2D Motion Representations

• 3D Motion Representations

➢4D Volume Rendering with NERF

➢Explicit Motion Field with NERF

➢4D Volume Rendering with 3DGS

➢Explicit Motion Field with 3DGS

➢Implicit Motion Field with 3DGS

➢4D Foundation Models

➢Multi-view Video Generation (we’ll cover in the next lecture)

Yes! This Rewinds Lecture 4

110



A Quick Summary of This Class

Perception

Cognition Action

Covered in Robot Perception 
and Learning

Covered in Embodied Vision!

111
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