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Learning Outcome for next five Lectures
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Modeling and Evaluating Grasping and Manipulation

Learning-based Grasping and Manipulation

Use Manipulation to Perceive better
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Modeling Planar Pushing
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Relation between wrench cone, limit surface and unit twist sphere. Adopted 
from  Chapter 37, Fig 37.10 in Springer Handbook of Robotics. 

Friction limit surface: describes friction forces occurring when 
part slides over support.

When pushed with a wrench within the limit surface: no 
motion.

For quasi-static pushing: wrench on the limit surface; object 
twist normal to limit surface where twist = linear and angular 
velocity: 𝑡𝑖 = (𝑣𝑥

𝑖 , 𝑣𝑦
𝑖 , 𝜔𝑧

𝑖)

Coulomb friction follows the maximum dissipation principle: 
for a given applied wrench, the system will move in a way that 
maximizes power dissipation due to friction. This implies that 
the velocity (twist) should be in the direction where the 
friction force does the most work.
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Data-Driven Approaches to Grasping
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Transactions on Robotics 2014, ”Data-Driven Grasp Synthesis – A survey" by Bohg et al.

Covered up till Lecture 8

Last lecture
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Detecting 2D Grasping Points



Grasp Point Detection as a Classification Problem

Feature

Grasp Success?

Supervised 
Learning

Saxena et al. Robotic Grasping of Novel Objects. NeurIPS 2006



Using more sensing modalities and data to 
learn features and grasp policies
• DexNet 1.0 – 4.0 – Berkeley – AutoLab

• Google Arm Farm 
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”Learning Hand-Eye Coordination for Robotic Grasping with Deep Learning and Large-Scale Data 
Collection" by Levine et al. IJRR 2017.

”Learning Deep Policies for Robot Bin Picking by Simulating Robust Grasping 
Sequences" by Mahler and Goldberg. CORL 2017. 
https://berkeleyautomation.github.io/dex-net
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Slides adopted from CS 326 Fall 2019 -- Tutorial presented by Evani Radiya-Dixit & Rachel Thomasson 

AA 274B | Lecture 9



2/10/2025 9

Slides adopted from CS 326 Fall 2019 -- Tutorial presented by Evani Radiya-Dixit & Rachel Thomasson 

AA 274B | Lecture 9



2/10/2025 10

Slides adopted from CS 326 Fall 2019 -- Tutorial presented by Evani Radiya-Dixit & Rachel Thomasson 

AA 274B | Lecture 9



2/10/2025 11

Slides adopted from CS 326 Fall 2019 -- Tutorial presented by Evani Radiya-Dixit & Rachel Thomasson 

AA 274B | Lecture 9



2/10/2025 12

Slides adopted from CS 326 Fall 2019 -- Tutorial presented by Evani Radiya-Dixit & Rachel Thomasson 

+ Time
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𝑣𝑡 Task space motion command 
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Video
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Today
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Contact-GraspNet: Efficient 6-DoF Grasp Generation
in Cluttered Scenes. Sundermeyer et al. ICRA 2021

AA 274B | Lecture 9

Simulation data is dominating



Today
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AnyGrasp: Robust and Efficient Grasp Perception in Spatial 
and Temporal Domains. By Hao-Shu Fang et al. TRO 2023.

Less work on dexterous grasping



Suggested Reading
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• AnyGrasp: Robust and Efficient Grasp Perception in Spatial and Temporal Domains. By Hao-Shu Fang et al. 
TRO 2023.

• Deep Learning Approaches to Grasp Synthesis: a Review. By Rhys Newbury et al. TRO 2023.

• Data-Driven Grasp Synthesis – A survey by Bohg et al. TRO 2014

• Robotic Grasping of Novel Objects by Saxena et al. NeurIPS 2006.

• Dex-Net 2.0: Deep Learning to Plan Robust Grasps with Synthetic Point Clouds and Analytic Grasp Metrics  
by Mahler et al.. RSS 2017. https://berkeleyautomation.github.io/dex-net

• Learning Hand-Eye Coordination for Robotic Grasping with Deep Learning and Large-Scale Data Collection 
by Levine et al. IJRR 2017.

• Contact-GraspNet: Efficient 6-DoF Grasp Generation in Cluttered Scenes. Sundermeyer et al. ICRA 2021
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https://berkeleyautomation.github.io/dex-net
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Learning-Based Grasping vs Manipulation
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Main Technical Approaches to Learning 
Manipulation
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Reinforcement Learning Imitation Learning



State and Action Representations for 
Manipulation
• State Representations

• Low-dimensional and 
interpretable 
• Object pose
• EE pose + finger 

configuration
• Robot joint angles, 

velocities, torques
• EE forces/Torques

• High-dimensional, not 
interpretable
• Image/Point Cloud 

encoding in latent space
• Tactile feedback
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• Action Representations
• EE pose, velocities, or 

position deltas 

• Trajectories or a set of 
waypoints 

• Joint angles, velocities, 
torques



Reinforcement Learning for Manipulation
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Learning Dexterous In-hand Manipulation 
OpenAI, IJRR, 2020.
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System overview
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Training
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Domain Randomisation (rendering and physics)
Distributed PPO 
Learned object pose estimator
MoCap for fingertips 



What stuck: Domain Randomization
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Results
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The impact on Locomotion

• Successful Sim2Real RL in quadruped and more recently humanoid locomotion

• Learning to walk in minutes using Massively Parallel Deep RL. Rudin et al. CoRL’21
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Main Technical Approaches to Learning 
Manipulation
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Reinforcement Learning Imitation Learning



Imitation learning

• Turning the learning problem into a supervised problem

• Estimate a policy from training examples (𝑠0, 𝑎0), (𝑠1, 𝑎1) (𝑠2, 𝑎2)
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From CS237: Reinforcement Learning



Two flavors of imitation learning
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Single task policy Multi-task (Generalist) policy

𝜋𝑠𝑡 𝑎𝑡 𝜋
𝑠𝑡

𝑎𝑡task



Single-task policies 
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Diffusion Policies Action Chunking with Transformers 



Diffusion policy 
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Idea behind Diffusion from Computer Vision
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Diffusion Policy
1. Diffuse through actions, condition on observations
2. Chunk observations and actions for smoother control
3. Pro: SOTA success rates, continuous action space, multimodality
4. Con: Inference takes a lot of time b/c of denoising process



Next time
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• Wrapping up Learning-based Manipulation

• Interactive Perception
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