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Things to cover today:

•What is empowered by robot learning?


•IBC


•Visuomotor Policy Learning


•Representational learning for Robotic Manipulation


•Vision-language-action Models



What is empowered by robot learning?

What is good and bad about this approach?
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What is empowered by robot learning?

Robot Learning is the computational study of algorithms that enables robotics agents 
to acquire skills and adapt their behavior through environmental interaction and data-

driven experience rather than explicit, hard-coded programming.



A quick recap of Behavior Cloning
We assume a dataset of expert demonstrations:

We parameterize a policy πθ(a ∣ s)
Behavior Cloning solves: 

This is the Maximum Likelihood Estimation (MLE)

θ* = arg max
θ ∑

(s,a)∈𝒟

log πθ(a ∣ s)
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We assume a dataset of expert demonstrations:

We parameterize a policy πθ(a ∣ s)
Behavior Cloning solves: 

This is the Maximum Likelihood Estimation (MLE)

θ* = arg max
θ ∑

(s,a)∈𝒟

log πθ(a ∣ s)

Compounding errors, covariate shift, ….

-> Collect on-policy data, get expert to label (DAgger)


-> Collect on-policy data, distribution-match (GAIL)


-> Collect reward labels for demonstrator data (Offline RL)



The first idea of end-to-end visuomotor policy.
92K Parameter



Implicit Behavior Cloning

Discontinuous Multimodal distribution



Implicit Behavior Cloning



Visuomotor Policy Learning- Diffusion Policy

Switch between 
actions & 
recover from 
failures.



Visuomotor Policy Learning- Diffusion Policy

Slides from Shuran Song

Key challenge for learning from demonstration

Action Multimodality



Visuomotor Policy Learning- Diffusion Policy

Slides from Shuran Song

Generative model for robot actions, learned from demonstrations

Forward Process (Add Noise): 

q(xt ∣ xt−1) = 𝒩 (xt; 1 − βt xt−1, βtI) xt = ᾱt x0 + 1 − ᾱt ϵ, where ϵ ∼ 𝒩(0,I)

pθ(xt−1 ∣ xt) = 𝒩 (xt−1; μθ(xt, t), Σθ(xt, t))
Reverse Process (Learn to Denoise): 



Visuomotor Policy Learning- Diffusion Policy

Slides from Shuran Song

Generative model for robot actions, learned from demonstrations

…Action Diffusion



Visuomotor Policy Learning- Diffusion Policy

Slides from Shuran Song



Visuomotor Policy Learning- Diffusion Policy

Slides from Shuran Song



Visuomotor Policy Learning- Diffusion Policy

Slides from Shuran Song

Predicted gradient field can have any number of local minimal, each captures a mode.



Visuomotor Policy Learning- Action Chunking Transformer



What is a transformer?

Attention(Q, K, V) = softmax ( QK⊤

dk ) V



Visuomotor Policy Learning- Action Chunking Transformer



Visuomotor Policy Learning- Action Chunking Transformer

What if we don’t just predict 1 
action every step?

How does this fix covariate shift?



Visuomotor Policy Learning- Action Chunking Transformer

What does this help with?

How does temporal ensemble work?



Visuomotor Policy Learning- Action Chunking Transformer



Representational learning- Perceiver-Actor



Perceiver-Actor

ViT : 2D image patches
PerAct : 3D voxel patches

Dosovitskiy et al.



Perceiver-Actor

53  patches with 1003  grid = 8000 patches!
2048 x 512

randomly initialized 
and trained end-to-

end 

Jaegle et al.



Perceiver-Actor

100 x 100 x 100 x 64 features



Perceiver-Actor



Dataset Setup

Predict the “next best keyframe action”
classification task

Heuristic for Keyframe Extraction:

(1) Joint velocities are near zero &

(2) Gripper open state has not changed 

James et al











Things to cover today:
•Data collection for scaling robot learning


•Evaluation for robot learning


•Vision-Language-Action Models


•Conclusion



Data Collection

Evaluation VLAs



Data Collection for Robot Learning

Real-world data Simulation data Others



Which of these data collection is most and least scalable?







Spatial Task Representation for Manipulation

Which drawer? 

Where to grasp?

Where to wipe?

Can we extract this from existing foundation models?



Open the top drawer.



Open the top drawer.

Large 
Language 
Model

Vision
Language 
Model

Code 
</>

Code-Generated
3D Value Maps



Open the top drawer.

Actions

Large 
Language 
Model

Vision
Language 
Model

Code 
</>

Code-Generated
3D Value Maps

Motion Planning



Open the top drawer.



  msize = (100,100,100)
  map = np.zeros(msize)
  handles = detect('handle')
  k = lambda x: x.pos[2]
  handles.sort(key=k)
  top_handle = handles[-1]
  x,y,z = top_handle.pos
  map[x,y,z] = 1
  return smooth(map)

LLM Output

Open the top drawer.



LLM Output

Open the top drawer.

Vision
Language 
Model
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Open the top drawer.

Vision
Language 
Model

  msize = (100,100,100)
  map = np.zeros(msize)
  handles = detect('handle')
  k = lambda x: x.pos[2]
  handles.sort(key=k)
  top_handle = handles[-1]
  x,y,z = top_handle.pos
  map[x,y,z] = 1
  return smooth(map)



LLM Output

Open the top drawer.

  msize = (100,100,100)
  map = np.zeros(msize)
  handles = detect('handle')
  k = lambda x: x.pos[2]
  handles.sort(key=k)
  top_handle = handles[-1]
  x,y,z = top_handle.pos
  map[x,y,z] = 1
  return smooth(map)
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LLM Output

Open the top drawer.

  msize = (100,100,100)
  map = np.zeros(msize)
  handles = detect('handle')
  k = lambda x: x.pos[2]
  handles.sort(key=k)
  top_handle = handles[-1]
  x,y,z = top_handle.pos
  map[x,y,z] = 1
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Also watch out for that vase.

LLM Output



  vases = detect('vase')
  vase = vases[0]
  xyz = vase.occupancy_grid
  map[xyz] = -1
  return smooth(map)

LLM Output

Vision
Language 
Model

Also watch out for that vase.
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LLM Output

  vases = detect('vase')
  vase = vases[0]
  xyz = vase.occupancy_grid
  map[xyz] = -1
  map = smooth(map)

Also watch out for that vase.



Gripper
Map

Velocity
Map

Large 
Language 
Model

Vision
Language 
Model

Rotation
Map



Motion Planner





no robot data required over 20 manipulation tasks



Discussion

How reliable this approach for data-free robotic control?



Data Collection

Evaluation VLAs



Text, Image Text, Images, Robot state Text, Images, Robot state

Vision-Language Model Specific Vision-Language 
Model

End-to-End Vision-Language-
Action Model

Control

Skill + grounded context

Control Control

Tokens/intermediate 
representation

Trained Low-level PoliciesTrained Robot Skills



Jiafei Duan Wilbert PumacayWentao Yuan Kiana EhsaniYi Ru Wang

Ranjay KrishnaDieter Fox

CoRL 2024



Manipulate-Anything 
What is the best way to leverage vision-large-model to generate robot data?



Manipulate-Anything 



Manipulate-Anything 



Data generation quality of Manipulate-Anything



Data generation quality of Manipulate-Anything

VoxPoser (Zero-shot)

Manipulate-Anything (Zero-shot)

Code-As-Policies (Zero-shot)

Manipulate-Anything is capable of generating success task 
trajectories across a diverse set of tasks, and outperform the next 

SoTA methods in 9/12 of the simulation tasks. 



Performance model trained on MA data

RLBench VoxPoser Code-As-PoliciesManipulate-Anything

Training with MA data leads to comparable results as with using human annotated 
data, and we see more robust model performances when trained with MA data.



Performance model trained on MA data

‘Correct the dice with 6 facing front’

Manipulate-Anything (Zero-shot)

Code-As-Policies (Zero-shot)

We observed similar trends in real-world results as to simulation. 



Additional experiments- Exploratory task generation

Proposed Task 1: Put the red block flat 
down into the box


Proposed Task 2: Close the box

Proposed Task 1: Place the red block 
onto the green patch


Proposed Task 2: Hide the red block



Additional experiments- Robustness in generation

Original Task

‘Place the soup can onto the red patch’ ‘Pick up the container by the patterned sides’

Object-specific variations Language variation

‘Place the container onto green patch’



Interesting insights

Action Distribution
The formulation of Manipulate-Anything for zero-shot data generator 

give more human-like trajectories.



Spatial Representation Matters for Robotics

“Place the banana in between the two plates.”

[Pi-05]

75
Physical Intelligence et al. “π₀.₅: a Vision-Language-Action Model with Open-World Generalization”

Spatial Reasoning



Spatial Representation Matters for Robotics

“Place the banana in between the two plates.”

[Pi-05]

76
Physical Intelligence et al. “π₀.₅: a Vision-Language-Action Model with Open-World Generalization”

GPT-4o“Place the banana in 
between the two plates.” [120, 80, 170, 130]


Ambiguous spatial representation for actions

➢ Non Object-centric relations

➢ Poor affordance grounding

Spatial Reasoning



Spatial Representation Matters for Robotics

“Place the banana in between the two plates.”

[Pi-05]

77
Physical Intelligence et al. “π₀.₅: a Vision-Language-Action Model with Open-World Generalization”

GPT-4o“Place the banana in 
between the two plates.” [120, 80, 170, 130]


Ambiguous spatial representation for actions

➢ Non Object-centric relations

➢ Poor affordance grounding

[OpenVLA]

Fine-tune VLM w/ Robot Actions

Ungrounded Actions

➢ Weak tie to observation

➢ Poor generalizationSpatial Reasoning



78
Yuan, Duan, et al. RoboPoint: A Vision-Language Model for Spatial Affordance Prediction for Robotics. Conference on Robot Learning (CoRL), 2024.


Learning spatial affordance prediction

Spatial affordance prediction as fine-grained, language-conditioned 2D localization task

RoboPoint
([32, 51], 
[51,31], 
[34,54])

“Place the banana in between the two plates.”

Spatial Reasoning



Generating spatial affordance data from simulation

79Spatial Reasoning



RoboPoint: Instruction Fine-Tuning LLaVA-1.5 for Spatial Affordances

80

Image 
Encoder

Projection 
MLP

Large Language Model

Tokenizer

Language Instruction

Output response

[(0.4, 0.52), (0.41, 
0.5), (0.1, 0.41)]

Find the 
leftmost chair

Spatial Reasoning



Place the orange on the bottom step.

81

RoboPoint “points” for spatial affordance prediction

81Spatial Reasoning



Place the orange on the bottom step.

[(0.246, 0.787), (0.264, 0.783), 
(0.279, 0.792), (0.301, 0.781), 
(0.320, 0.779), (0.335, 0.768)]

RoboPoint “points” for spatial affordance prediction

82Spatial Reasoning



“Pointing” beyond manipulation - AR assistance
How to get on the carpool lane?

To the left of the leftmost car.

Go to the left of the leftmost car.

(0.374, 0.617), (0.387, 0.609), 
(0.409, 0.617), (0.426, 0.602)

83Spatial Reasoning



Pointing capabilities developed in frontier models

[PointArena]

Duan* et al. “PointArena: Probing Multimodal Grounding Through Language-guided pointing”
84

Release of 
RoboPoint 

dataset

Integrated into NVIDIA Jetson

Embodied reasoning capabilities for Gemini Robotics

The impact of Language-Conditioned Pointing

Spatial Reasoning



HAMSTER  
Hierarchical Action Models for Open-World Robot Manipulation

Low-level Policies

control

Vision-Language
Model

text, images, robot state

Context information
(points, bboxes, traj, tokens, …)

HAMSTER [Li-Deng-Zhang-Jang-Memmel-Yu-Garrett-Ramos-Fox-Li-Gupta-Goyal: ICLR-2025]
https://hamster-robot.github.io/

HiRobot, GeminiRobotics, GR00T-N1, HAMSTER, …

2D Trajectory Sketch

▪ VILA-1.5-13b open model
▪ Pre-trained on internet-scale data 

for open-world visual reasoning
▪ Fine-tuned on sim+real robot 

tasks
 
[Lin-Yin-Ping-Molchanov-Shoeybi-Han: 
CVPR-24]

▪ 3DDA or RVT-2 motion policy
▪ Trained on less, real robot demos

3DDA [Ke-Gkanatsios-Fragkiadaki: CoRL-24]
RVT-2[Goyal-Blukis-Xu-Guo-Chao-Fox: 
CoRL-24]



Fine-Tuning VILA
VILA [Lin-Yin-Ping-Molchanov-Shoeybi-Han: CVPR-24]



Fine-Tuning VILA

Move the green object in the silver bowl Put the blue Lego in the open drawer  
and then close the drawer

Fold the white and red towel from right to left



Fine-Tuning VILA

Screw in the rose light bulb Push down the button with maroon base,  
then the green one

Slide the bottom drawer open



Fine-Tuned VILA: Evaluation Examples

Move the toy car to the bowl with x Place the cup on the cup holder

Move the block to Jensen Huang

Screw the light bulb in the lamp Push the button with the color of cucumber, 
then press the button with color of fire

RLBench examples



Pick up the M&M chocolate and put it in the yellow mug



HAMSTER  
Hierarchical Action Models for Open-World Robot Manipulation

Low-level Policies

control

Vision-Language
Model

text, images, robot state

Context information
(points, bboxes, traj, tokens, …)

HAMSTER [Li-Deng-Zhang-Jang-Memmel-Yu-Garrett-Ramos-Fox-Li-Gupta-Goyal: ICLR-2025]
https://hamster-robot.github.io/

HiRobot, GeminiRobotics, GR00T-N1, HAMSTER, …

2D Trajectory Sketch
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▪ Pre-trained on internet-scale data 

for open-world visual reasoning
▪ Fine-tuned on sim+real robot 

tasks
 
[Lin-Yin-Ping-Molchanov-Shoeybi-Han: 
CVPR-24]

▪ 3DDA or RVT-2 motion policy
▪ Trained on less, real robot demos

3DDA [Ke-Gkanatsios-Fragkiadaki: CoRL-24]
RVT-2[Goyal-Blukis-Xu-Guo-Chao-Fox: 
CoRL-24]



Changes between train and test scenes and tasks

▪ object arrangements
▪ visual appearance of scenes
▪ different names to refer to objects
▪ spatial language to refer to objects

RVT2 [Goyal-Blukis-Xu-Guo-Chao-F: RSS-2024]
3DDA [Ke-Gkanatsios-Fragkiadaki: CoRL-2024]











OpenVLA: An Open Source Vision-Language-Action Model

Moo Jin Kim, Karl Pertsch, Siddharth Karamcheti, Ted Xiao, Ashwin Balakrishna, 
Suraj Nair, Rafael Rafailov, Ethan Foster, Grace Lam, Pannag Sanketi, Quan Vuong, 

Thomas Kollar, Benjamin Burchfiel, Russ Tedrake, Dorsa Sadigh, Sergey Levine, 
Percy Liang, Chelsea Finn









A close look at OpenVLA





OpenVLA results

Move Salt Shaker to plate Move Corn onto plate Pour corn to bowl 

Lift upright the coke can Put corn onto plate



Data Collection

Evaluation VLAs



Evaluation for Robot Learning

Simulation Evaluation Real-world Evaluation Neural Simulation



Discussion

What is the right way of evaluation?


