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Let’s Take a Little Break, Rethinking What We’ve 
Learned

• Types of visual imitation learning:
1. Knowledge distillation via representation learning
2. Knowledge distillation via video generation
3. Knowledge distillation with correspondence

• From demonstration, we want to know:
➢ Where to interact with the object
➢ How to interact with the object
➢ What is the goal state

• To know such information, we’ve considered:
➢ Similarity of latent features
➢ Video generation
➢ Correspondence Any other representations that generally 

encode such information?
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What information should we extract from human 
demonstration videos?

• Types of visual imitation learning:

1. Knowledge distillation via representation learning

2. Knowledge distillation via video generation

3. Knowledge distillation with correspondence

4. Knowledge distillation with affordance

5. Knowledge distillation with point trajectories

6. Knowledge distillation with 3D hand modeling

7. Knowledge distillation with digital twins
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Knowledge Distillation with Affordance

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. 4



Knowledge Distillation with Affordance

Robot execution

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al. 5



How to Extract Contact Points from Video?

1. Detect bounding boxes of the hand and the object
2. Find all points on the hand intersect with the object, 

and keep track of:

• A set of 𝑁 contact points 𝑐𝑖
𝑁

• The first timestep where contact occurs in the 
human video 𝑡𝑐𝑜𝑛𝑡𝑎𝑐𝑡

• Find the post-contact trajectory of the 2D hand 

bounding box ℎ𝑡 𝑡𝑐𝑜𝑛𝑡𝑎𝑐𝑡
𝑡′

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al. 6
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How to Extract Contact Points from Video?

1. Detect bounding boxes of the hand and the object
2. Find all points on the hand intersect with the object, 

and keep track of:

• A set of 𝑁 contact points 𝑐𝑖
𝑁

• The first timestep where contact occurs in the 
human video 𝑡𝑐𝑜𝑛𝑡𝑎𝑐𝑡

• Find the post-contact trajectory of the 2D hand 

bounding box ℎ𝑡 𝑡𝑐𝑜𝑛𝑡𝑎𝑐𝑡
𝑡′

3. Fit a Gaussian Mixture Model to the points

4. Accounting for camera motion over time.  Compute 
the homography matrix 𝐻𝑡 that aligns the image at 
time 𝑡 to the starting frame 𝑡𝑐𝑜𝑛𝑡𝑎𝑐𝑡

Post-contact trajectory:

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al. 8



Learn to Predict Contact Points and Post-contact Trajectory

Encoder

Decoder

Spatial softmax

Transformer

Predict the means of the GMM

Predict 2D trajectory

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al. 9



Deployment on Robots

1. Unproject 2D contact points to 3D, and use a 
motion planner to reach the point

2. Grasp the object
3. Unproject 2D post-contact trajectory to 3D, and 

move the robot’s end-effector accordingly

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al. 10



Application 1: Offline Data Collection

1. Collect a dataset of image, contact points 
and post-contact trajectories with the 
learned affordance model

2. KNN approach: given a goal image, retrieve 
the top-K trajectories.

3. Train a policy with behavior cloning on the 
retrieved trajectories

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al. 11



1. Collect a dataset of image, contact points 
and post-contact trajectories with the 
learned affordance model

2. KNN approach: given a goal image, retrieve 
the top-K trajectories.

3. Train a policy with behavior cloning on the 
retrieved trajectories

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al. 12

Application 1: Offline Data Collection



Application 2: Reward-free Exploration

1. Collect a dataset with the affordance model
2. Rank all the trajectories by an exploration 

metric

3. Fit a distribution with the top-ranked 
trajectories.

4. Collect more data with the affordance model 
or the fitted distribution Affordances from Human Videos as a Versatile 

Representation for Robotics.  Bahl et al.13
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Application 3: Goal-conditioned Learning

1. Collect a dataset with the affordance model
2. Given a goal image 𝐼𝑔 , rank all the trajectories 

with their last image 𝐼𝑇 by the metric:

3. Fit a distribution with the top-ranked trajectories.
4. Collect more data with the affordance model or 

the fitted distribution
5. Train a policy with the collected data

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al.15
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Application 4: More Efficient Action Space

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al.17



Affordance Only Specifies the Pick-and-Move Motion of Gripper
How about More Dexterous Tasks like Spinning Pen? 

Where gripper should interact 
with the object

How gripper should interact 
with the object

We need a finer-grained representation of robot-object interaction

Affordances from Human Videos as a Versatile 
Representation for Robotics.  Bahl et al.18



What information should we extract from human 
demonstration videos?

• Types of visual imitation learning:

1. Knowledge distillation via representation learning

2. Knowledge distillation via video generation

3. Knowledge distillation with correspondence

4. Knowledge distillation with affordance

5. Knowledge distillation with point trajectories

6. Knowledge distillation with 3D hand modeling

7. Knowledge distillation with digital twins
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Point Trajectories: A Fine-grained Representation that 
Capture Dynamics

Particle Video Revisited: Tracking Through 
Occlusions Using Point Trajectories.  Harley et al. SpatialTracker: Tracking Any 2D Pixels in 3D Space.  Xiao et al.20



Any-point Trajectory Modeling for Policy Learning.  Wen et al.

Knowledge distillation with Affordance
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Video Generation vs. Point Trajectory Prediction

Video
generator

• Explicit dynamics: actions can be 
inferred by
➢ Inverse dynamic model
➢ Rigid transformation of 3D point 

trajectories

• Implicit dynamics: actions can be 
inferred by
➢ Inverse dynamic model

Any-point Trajectory Modeling for Policy Learning.  Wen et al. 22



Annotate Action-less Videos with Off-the-shelf Point 
Trackers

CoTracker: It is Better to Track Together.  Karaev et al. 23



Train a Track Transformer Based on the Annotated Point 
Trajectories

Any-point Trajectory Modeling for Policy Learning.  Wen et al. 24



Infer Actions from Predicted Point Trajectories

Track2Act: Predicting Point Tracks from Internet
Videos enables Generalizable Robot Manipulation. Bharadhwaj et al.Any-point Trajectory Modeling for Policy Learning.  Wen et al. 25



Results: Point Trajectories Extract Knowledge from 
Actionless Videos and Improves Sample Efficiency

Any-point Trajectory Modeling for Policy Learning.  Wen et al. 26



Results: Policies Conditioned on Point Trajectories 
Outperform Image-Conditioned Policies

Any-point Trajectory Modeling for Policy Learning.  Wen et al. 27



Point Trajectories is a Cross-Embodiment Representation

Any-point Trajectory Modeling for Policy Learning.  Wen et al. 28



What information should we extract from human 
demonstration videos?

• Types of visual imitation learning:

1. Knowledge distillation via representation learning

2. Knowledge distillation via video generation

3. Knowledge distillation with correspondence

4. Knowledge distillation with affordance

5. Knowledge distillation with point trajectories

6. Knowledge distillation with 3D hand modeling

7. Knowledge distillation with digital twins
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Dexterous Manipulation Needs Multiple Fingers

Mobile ALOHA Learning Bimanual Mobile Manipulation with 
Low-Cost Whole-Body Teleoperation.  Fu et al.

https://youtu.be/fT8tQhovT0k?si=dVdkbkd1A JQJWEJi
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Human Hand Has 27 Degrees of Freedom
Learning with RL is Hard… 

https://biology.stackexchange.com/questions/30857/does-the-
human-hand-have-27-degrees-of-freedom

• Finger has 4 DoF
• Thumb has 5 DoF
• Wrist has 6 DoF

• We have 4 fingers, 1 thumb and 1 wrist, 
ending up with 27 DoF
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Computer Vision Works with Predicting 3D Hand Models 
from Actionless Videos

HaMeR: Hand Mesh Recovery.  Pavlakos et al. 32



Knowledge distillation with 3D Hand Modeling

Hand-Object Interaction Pretraining from Videos.  Singh et al.

Retarget to 3D motion of human 
hand and the object to those in 
the simulator
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Pre-train Policies with 3D Hand Trajectories and Fine-tune 
on Downstream Tasks with RL / BC

Hand-Object Interaction Pretraining from Videos.  Singh et al. 34



Results of RL: Better than Learning from Scratch and 
Other Demonstration-guided Baseline

Hand-Object Interaction Pretraining from Videos.  Singh et al. 35



Modeling the Hand-Object Motion is Better than only the 
Hand Motion

Hand-Object Interaction Pretraining from Videos.  Singh et al. 36



Results

Hand-Object Interaction Pretraining from Videos.  Singh et al. 37

We’ll talk more about bimanual dexterous manipulation 
in the next lecture!



What information should we extract from human 
demonstration videos?

• Types of visual imitation learning:

1. Knowledge distillation via representation learning

2. Knowledge distillation via video generation

3. Knowledge distillation with correspondence

4. Knowledge distillation with affordance

5. Knowledge distillation with point trajectories

6. Knowledge distillation with 3D hand modeling

7. Knowledge distillation with digital twins
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Mismatch of Training and Testing Distribution

Mobile ALOHA Learning Bimanual Mobile Manipulation with 
Low-Cost Whole-Body Teleoperation.  Fu et al.

https://youtu.be/fT8tQhovT0k?si=dVdkbkd1A JQJWEJi
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Train Test

Idea: train on testing scenes.  But How?



Step 1: Build the Same Scene in Simulation

Reconciling Reality Through Simulation: A Real-to-Sim-to-
Real Approach for Robust Manipulation.  Torne et al. 40
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What Need to be Reconstructed?

Reconciling Reality Through Simulation: A Real-to-Sim-to-
Real Approach for Robust Manipulation.  Torne et al. 41

Rigid-body objects, articulated objects



Step 2 (Optional): Imitation Learning

Reconciling Reality Through Simulation: A Real-to-Sim-to-
Real Approach for Robust Manipulation.  Torne et al. 42



Step 3: Reinforcement Learning in Digital Twins

Reconciling Reality Through Simulation: A Real-to-Sim-to-
Real Approach for Robust Manipulation.  Torne et al. 43



Putting Everything Together

Reconciling Reality Through Simulation: A Real-to-Sim-to-
Real Approach for Robust Manipulation.  Torne et al. 44



Results: Real2Sim2Real Adaptation

Reconciling Reality Through Simulation: A Real-to-Sim-to-
Real Approach for Robust Manipulation.  Torne et al. 45 Remember our goal is to learn from human videos…



What is the Information Captured by Videos?

46https://explorer.projectaria.com/hot3d-aria/P0001_95eabc0a?st=%220%22

Contact points, hand motion and object motion



𝒑0

1
=

𝑹1
0 𝒐1

0

𝟎𝑇 1

𝒑1

1

The coordinate of point 
P in frame 𝑂1

The coordinate of point 
P in frame 𝑂0

Spatial Transformation 
between frame 𝑂1 and 𝑂0
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Describing Rigid-body Object Motion
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Rigid-body Object Pose Estimation

✓

Conditioned Image

Pose Proposals

Analysis-by-synthesis estimator

Pros: high-quality estimation

Cons: no temporal consistency

FoundationPose: Unified 6D Pose Estimation and Tracking of Novel Objects.  Wen et al



Rigid-body Object Motion Estimation

49https://explorer.projectaria.com/hot3d-aria/P0001_95eabc0a?st=%220%22



Pose Estimation Needs High-quality Object 3D Model

50https://explorer.projectaria.com/hot3d-aria/P0001_95eabc0a?st=%220%22



RL in Sim

51X-SIM: Cross-Embodiment Learning via Real-to-Sim-to-Real.  Dan et al.

Object-following reward



RL in Sim

52X-SIM: Cross-Embodiment Learning via Real-to-Sim-to-Real.  Dan et al.



The Policy Learned in Sim Fails in the Real World 
due to Sim2Real Gap…

53X-SIM: Cross-Embodiment Learning via Real-to-Sim-to-Real.  Dan et al.

Idea: reduce the gap by aligning visual features across sim and real



Putting Everything Together

54X-SIM: Cross-Embodiment Learning via Real-to-Sim-to-Real.  Dan et al.



Results: Real2Sim2Real Robot Action Acquisition

55X-SIM: Cross-Embodiment Learning via Real-to-Sim-to-Real.  Dan et al.



Does Real2Sim2Real Pipeline Solve Robotics?

• Of course, NO!:

1. 3D object scan is required.  We can’t use in-the-wild videos.

2. Object pose estimation is still an unsolved vision tasks.

3. Existing methods only tackle single-arm gripper-based 
manipulation.  What about multi-arm, multi-finger 
manipulation?

4. Sim2Real gap is more than visual difference. Physical gap is 
the hard problem…

5. Static-camera videos are rare…

6. What about articulated objects or deformable objects?

56
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We’ll talk about this problem



Idea: Policy Learning in Simulator

Issac Sim

• Pros:
➢ Flexibility: Free to reset to any state
➢ Safety: Dangers are not real
➢ Low cost: robots and objects do not break
➢ Generalizability: Easy to switch the robots

• Cons:
➢ Under modeling: physics, geometry and 

textures are not realistic
➢ Complexity: You need to engineers to set up 

the simulator well
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Sim2Real Gap….

Lessons from Learning to Spin “Pens”.  Wang et al.

Learn in Sim Deploy in Real
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What Cause Sim2Real Gap?
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Intuition: Data Augmentation in Computer Vision Works 
Well..

A Simple Framework for Contrastive Learning of Visual Representations.  Chen et al. 61



Idea: Data Augmentation in Simulator to Reduce 
Sim2Real Gap

Domain Randomization for Transferring Deep Neural 
Networks from Simulation to the Real World. Tobin et al.

• Randomized domain: anything you 
believe that matters:
1. Number and shape of distractor 

objects on the table
2. Position and texture of all objects on 

the table
3. Textures of the table, floor, skybox, 

and robot
4. Position, orientation, and field of 

view of the camera
5. Number of lights in the scene
6. Position, orientation, and specular 

characteristics of the lights
7. Type and amount of random noise 

added to images
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An Example of Car Detection

Training Deep Networks with Synthetic Data:
Bridging the Reality Gap by Domain Randomization. Tremblay et al.

Test on Real KITTI

Train on Virtual KITTI

Train on Domain Randomization
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An Example of Rubik‘s Cube

Solving Rubik’s Cube with a Robot Hand. OpenAI. 64



Building the Simulator

Solving Rubik’s Cube with a Robot Hand. OpenAI. 65



Solving Rubik’s Cube with a Robot Hand. OpenAI. 66



Domain Randomization

Adaptively select randomization parameters

Solving Rubik’s Cube with a Robot Hand. OpenAI. 67



Solving Rubik’s Cube with a Robot Hand. OpenAI. 68



Solving Rubik’s Cube with a Robot Hand. OpenAI. 69



Any Better Domain Randomization?

GenAug: Retargeting behaviors to unseen situations
via Generative Augmentation.  Chen et al.

• We have awesome image generative models, they are ready for visual augmentation 
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GenAug: Retargeting behaviors to unseen situations
via Generative Augmentation.  Chen et al. 71



GenAug: Retargeting behaviors to unseen situations
via Generative Augmentation.  Chen et al. 72



RMA: Rapid Motor Adaptation for Legged Robots.  Kumar et al.

• Training locomotion robots in real world is extremely dangerous…

73

What If Testing Scenes Have a High Variety?



RMA: Rapid Motor Adaptation for Legged Robots.  Kumar et al. 74



RMA: Rapid Motor Adaptation for Legged Robots.  Kumar et al. 75



RMA: Rapid Motor Adaptation for Legged Robots.  Kumar et al. 76



RMA: Rapid Motor Adaptation for Legged Robots.  Kumar et al. 77



Solutions for Test-time Adaptation

78
ASAP: Aligning Simulation and Real-World Physics for Learning 

Agile Humanoid Whole-Body Skills.  He et al.

• Ideas:
1. System Identification: Guess the physical parameters
2. Delta Dynamics: Learn a dynamic simulator which induces robot policies 

(e.g. Model Predictive Control).  Adapt the dynamic simulator to each 
scene.

3. Delta Action: Adapt the physics in simulation to those in the real world.  
Learn the policy based in the real-world-like physics in sim.
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Explicit System Identification

Base policyMass, Center of Mass, 
Friction, Terrain Height, 

Motor Strength…

xt, at−1

at

x0, a1

xt−1, at−2

⋮ Parameter predictor
Mass, Center of Mass, 

Friction, Terrain Height, 
Motor Strength…

Does the policy need all the information?
Learning to predict them may sabotage the predictor’s performance 



• In the simulator, the underlying physics parameters are 
known.  We train an encoder that converts these physics 
parameters into latent features.  We build a policy that 
conditions on these physics parameters in the form of 
latent features.. 
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Idea: Implicit System Identification



• In the real world, the physics parameters are unknown.  We train an adaptation 
module that infers those physics parameters in the latent feature space

81

Rapid Motor Adaptation as Implicit System Identification



• Continuously estimate these extrinsics online, which is key to real-time adaptation
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Domain Randomization
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Predicting Physics in Terms of Latent Encodings is More 
Robust than Predicting them Explicitly
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Solutions for Test-time Adaptation

85
ASAP: Aligning Simulation and Real-World Physics for Learning 

Agile Humanoid Whole-Body Skills.  He et al.

• Ideas:
1. System Identification: Guess the physical parameters
2. Delta Dynamics: Learn a dynamic simulator which induces robot policies 

(e.g. Model Predictive Control).  Adapt the dynamic simulator to each 
scene.

3. Delta Action: Adapt the physics in simulation to those in the real world.  
Learn the policy based in the real-world-like physics in sim.



Adaptive Model-Based RL

• The formulation of the dynamics model:

• The definition of states:

where (𝑝𝑡
𝑥 , 𝑝𝑡

𝑦
) denotes the car position, 𝜓𝑡 is the heading angle, ( ሶ𝑝𝑡

𝑥 , ሶ𝑝𝑡
𝑦
) denotes 

the velocity, and 𝜔 is the angular velocity

• The definition of actions 𝑎𝑡 contain the throttle and steering angle
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Adaptive Model-Based RL

Historical state-action pairs reveal the current dynamics of the environment

87



• The simulation data generation has three sources of diversity:
➢ Dynamics
➢ Scenario
➢ Controller

• Curriculum data generation:
➢ Off-policy data: Pure pursuit controller for steering δ and a PD controller for 

throttle T , to track randomly synthesized reference track in simulation
➢ On-policy data: NN-MPPI controller to track agile trajectories in simulation
➢ Real-world data: NN-MPPI controller to track agile trajectories in the real world

Learning the Dynamics Model from Existing 
Synthesized Demonstrations
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Deployment
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Solutions for Test-time Adaptation

90
ASAP: Aligning Simulation and Real-World Physics for Learning 

Agile Humanoid Whole-Body Skills.  He et al.

• Ideas:
1. System Identification: Guess the physical parameters
2. Delta Dynamics: Learn a dynamic simulator which induces robot policies 

(e.g. Model Predictive Control).  Adapt the dynamic simulator to each 
scene.

3. Delta Action: Adapt the physics in simulation to those in the real world.  
Learn the policy based in the real-world-like physics in sim.



Adapt to Policy vs. Simulator to the Real World

91

x0, a1

xt−1, at−2

⋮

Base policy

xt, at−1

at

Real world

Simulator Testing

Training

x0, a1

xt−1, at−2

⋮

Base policy

xt, at−1

at

Real worldSimulator

Testing

Training



Idea: Predict Delta Actions to Simulate Real-world Physics

92
ASAP: Aligning Simulation and Real-World Physics for Learning 

Agile Humanoid Whole-Body Skills.  He et al.



Idea: Predict Delta Actions to Simulate Real-world Physics
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ASAP: Aligning Simulation and Real-World Physics for Learning 

Agile Humanoid Whole-Body Skills.  He et al.



Results: Refined Sim-to-Real Robot Learning

94

w\o adaptation w\ adaptation

ASAP: Aligning Simulation and Real-World Physics for Learning 
Agile Humanoid Whole-Body Skills.  He et al.



Results: Refined Sim-to-Real Robot Learning

95
ASAP: Aligning Simulation and Real-World Physics for Learning 

Agile Humanoid Whole-Body Skills.  He et al.



Results 2: Better In-Domain Motion Tracking than SysID
and Delta Dynamics

96
ASAP: Aligning Simulation and Real-World Physics for Learning 

Agile Humanoid Whole-Body Skills.  He et al.



Results 3: Better Cross-Domain Motion Tracking than 
SysID and Delta Dynamics

97
ASAP: Aligning Simulation and Real-World Physics for Learning 

Agile Humanoid Whole-Body Skills.  He et al.
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