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Logistics: Midterm

•Midterm (40% of the total score)
• 4/21, 3:10 – 5:00, in class
• First two sections, in total 110 min
• The third class will be used for lecture

• One-page double-sided A4 cheat sheet

• Scope: from Lecture 1 - Lecture 9 (4/14)



Logistics: Midterm

• Questions:
• Multi-choice questions
• True or False
• Short answer questions 
• simply state why and how
• some may require mathematical derivations 



• Assignment 2 (15%): will be released on 04/11, due 04/26 (Saturday) 
11:59PM. (Still has 2 grace days with -10% and -20% score)

• In this assignment you will grasp a known object in the simulator. You need to estimate the 
object's pose using the point cloud in order to transform grasping poses from the object frame to 
the world frame.

Logistics: Assignment 2



• Assignment 2 and 3 will involve real-world experiments (10% for 
each). You need to form teams of no more than 4 members to 
complete the real-world experiments together. The specific schedule 
will be announced later. (It will be latter than the ddl of assignment 2)

Logistics: Assignment 2



Conditional Grasp 
Generative Model



Data: DexGraspNet 2.0

In submission.



Diffusion-based Dexterous Hand Pose Generation



• Objectness: whether it is a point on the objects
• Graspness: whether it is likely to be a seed point
• Accumulated with nearby gt seed points

• Stage 1: Where to grasp
• Use sparse convolution to 

get the local feature
• Predict graspness and 

objectness scores

Method



• To handle the multi-modal grasping pose 
distribution, we use diffusion model for 𝑇 and 𝑅
• Then predict 𝜃 directly

• Stage 2: How to grasp

• Predict residual position 𝑇, 
rotation 𝑅, finger joint angles 𝜃

• Use only the local feature
in stage 1

Method



Dexterous Grasping Pose Diffusion Model



Real Experiments



• Achieve SOTA on DexGraspNet 2.0 benchmark

Experiments



• We explore the impact of scaling 
the number of grasping poses and 
scenes

• Significant performance 
degradation with less 
poses/scenes

Scaling Law of Grasp Data



➢ Compare to gripper
The dexterous hand has stronger wrapping ability

Real Experiments



Summary

➢Main contribution:  
• Large-scale Benchmark for dexterous grasping in cluttered scenes

7500 synthetic training scenes and 670 test scenes.
• Propose an end-to-end generative grasp prediction pipeline 

generates wrist 6D pose via diffusion model.
regress hand joint poses conditioned on wrist pose.

➢Limitations:  
• Limited to power grasping
• Data only covers force closure cases.



Depth Sensing Problem Leading to Failure in Transparent Objects
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RGB Depth

Point cloud Specular



Demo: Robotic Grasping

GraspNet-baseline 
only



Jun Shi1, Yong A1, Yixiang Jin1, Dingzhe Li1, Haoyu Niu1, Zhezhu Jin1, He Wang†2,3,4

1 Samsung R&D Institute China, Beijing (SRC-B)  
2 CFCS, School of Computer Science, Peking University 3 Galbot

4 Beijing Academy of Artifcial Intelligence (BAAI) 

†: corresponding author





21

• Randomization of object layout: object instances, arrangement 

DREDS: Domain Randomization
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• Randomization of object material: BSDF

DREDS: Domain Randomization
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• Randomization of background

DREDS: Domain Randomization



24

• Randomization of illumination

DREDS: Domain Randomization
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• Randomization of camera viewpoint 

DREDS: Domain Randomization



ASGrasp Pipeline
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World-wide First Material-Agnostic Grasping Method

With a success rate > 95%

Real World Experiment





Summary of 3D Vision based Grasping

➢Main contribution:  
• Large-scale Benchmark for dexterous grasping in cluttered scenes

7500 synthetic training scenes and 670 test scenes.
• Propose an end-to-end generative grasp prediction pipeline 

generates wrist 6D pose via diffusion model.
regress hand joint poses conditioned on wrist pose.

➢Limitations:  
• Limited to power grasping
• Data only covers force closure cases.



Towards Manipulation: Affordance

• Where2Act

Mo, Kaichun, et al. "Where2act: From pixels to actions for articulated 3d objects." Proceedings of the 
IEEE/CVF International Conference on Computer Vision. 2021.



Another Vision-based Approach: Affordance

• Where2Act Pipeline

Mo, Kaichun, et al. "Where2act: From pixels to actions for articulated 3d objects." Proceedings of the 
IEEE/CVF International Conference on Computer Vision. 2021.



Another Vision-based Approach: Affordance

• Where2Act Result

Mo, Kaichun, et al. "Where2act: From pixels to actions for articulated 3d objects." Proceedings of the 
IEEE/CVF International Conference on Computer Vision. 2021.



Another Vision-based Approach: Affordance

• VAT-Mart

Wu, Ruihai, et al. "Vat-mart: Learning visual action trajectory proposals for manipulating 3d articulated objects." ICLR 2022



Another Vision-based Approach: Affordance

Wu, Ruihai, et al. "Vat-mart: Learning visual action trajectory proposals for manipulating 3d articulated objects." ICLR 2022



• Use vision inputs to predict
• object pose (CAD model needed, grasp annotation needed)
• or grasp pose (no CAD model and grasp anno.)
• or affordance (slightly going beyond grasping)

• Motion planning to reach, heuristic to grasp/manipulate

• Limited to certain predefined manipulation (bottleneck is the
heuristics)
• Usually not closed-loop, but can be closed-loop

Summary of Vision-based Open-Looped Approaches



Policy Learning
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Some slides are borrowed and modified from Berkeley CS285.
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Terminology & Notation



Policy Learning

PointGoal Navigation

When an optimal policy or expert demonstrations 
are available, one could consider supervised policy 
learning, e.g. imitation learning (IL).

Supervised policy learning

How to learn the policy?
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Reinforcement Learning

When an optimal policy is not available,  trial and error!



Imitation Learning
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Some slides are borrowed from Berkeley CS285.
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Terminology & notation
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Imitation Learning
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The Original Deep Imitation Learning System
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Does it work?

No, because of distribution drift!
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Does it work?
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Why did that work?



Robot Demonstration Collection: Teleoperation

Teleoperation System used by Tesla ALOHA system from Stanford

Abramson, Norman. "The ALOHA system: Another alternative for computer 
communications." Proceedings of the November 17-19, 1970, fall joint computer conference. 1970.



Tesla Optimus: Battery Sorting and Correction Demo Collection



Human-in-the-Loop Imitation Learning using Remote Teleoperation

Mandlekar, Ajay, et al. "Human-in-the-loop imitation learning using remote teleoperation." arXiv preprint 
arXiv:2012.06733 (2020).
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Can we make it work more often?
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Can we make it work more often?
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Can we make it work more often?
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What’s the problem?



Other Sources of Action Labels

1. From optimal solution

Directly compute the shortest path 
and get action label

2. From a teacher policy

Roll out the student policy (blue), and let 
the teacher policy (red) correct it online
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Can we make it work without more data?
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Why might we fail to fit the expert?



58

How can we use the whole history?
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How can we use the whole history?
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Aside: why might this work poorly?
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Why might we fail to fit the expert?
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Why might we fail to fit the expert?
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Why might we fail to fit the expert?
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Case study: imitation with CVAE

Zhao et al. Learning Fine-Grained Bimanual Manipulation with Low-Cost Hardware. 2023
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Why might we fail to fit the expert?



Diffusion based Policy

https://diffusion-policy.cs.columbia.edu/
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Why might we fail to fit the expert?
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Why might we fail to fit the expert?
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Autoregressive discretization



Does learning many tasks become easier?

Where2Act Pipeline

Multi-task learning



Does learning many tasks become easier?

Where2Act Pipeline

Goal-conditioned behavioral cloning
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Summary: Imitation learning



Reinforcement Learning
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Some slides are borrowed from Berkeley CS285.
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What is reinforcement learning?

Introduction to RL
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What is reinforcement learning?

•Mathematical formalism for learning-based decision making

•Approach for learning decision making and control from experience

Introduction to RL
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How is this different from other machine learning topics?

Introduction to RL
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Introduction to RL
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Terminology & notation
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Reward functions



80

Definitions



81

Definitions
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Definitions
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Definitions
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The goal of reinforcement learning
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The goal of reinforcement learning

Read by Yourself
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The goal of reinforcement learning

Read by Yourself
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Finite horizon case: state-action marginal

Read by Yourself
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Infinite horizon case: stationary distribution

Read by Yourself
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Infinite horizon case: stationary distribution

Read by Yourself
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Expectations and stochastic systems



Policy Gradient
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The goal of reinforcement learning
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The goal of reinforcement learning
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Evaluating the objective
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Direct policy differentiation
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Direct policy differentiation
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Evaluating the policy gradient
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Evaluating the policy gradient
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Comparison to maximum likelihood
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Example: Gaussian policies
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What did we just do?
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Partial observability
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What is wrong with the policy gradient?
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Review



Embodied Perception and InteraCtion Lab Spring 2025

Introduction to Embodied AI

Next week: Lecture 9, Policy II


