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Reinforcement Learning
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Environment

Robot

ActionState Reward

Reinforcement Learning:
Imitation Learning: 



Last Lecture: Policy Optimization

• Maximize expected return

• Policy gradient
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reward-to-go Advantage



Q-Learning

• Learn the optimal Q function

• Policy from the Q function

• How to learn the Q function?
• Bellman Equation 
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Q-Learning

• For discrete states and actions

• Dynamic programming (Q-table)

• Initialize Q values arbitrarily

• Then iterate
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Q-Learning

• What if the state and action space is large?
• We cannot store a table

• Use parameterization

• Collect a set of transitions

• TD target

• Loss function

• Update the target network
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Replay Buffer



Q-Learning

• TD target

• How to compute this max?
• Discretize actions
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Volodymyr Mnih et al., 2013 (arXiv preprint)



Q-Learning

• TD target

• How to compute this max?
• Discretize actions

• Continuous actions: actor-critic methods
• Learn a policy (actor)
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Deep Deterministic Policy Gradient (DDPG)

• DDPG currently learns a Q-function and a policy
• Uses off-policy data and the Bellman equation to learn the Q-function

• Uses the Q-function to learn the policy

• Q-learning
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Approximator Collect a set of transitions

mean-squared 
Bellman error 
(MSBE)



Deep Deterministic Policy Gradient (DDPG)

• Trick one: replay buffers
• Large enough to contain a wide range of experiences

• Trick two: target networks
• The term is called target

• The target depends on the same parameters     but with a time delay

• Target network

• Target policy network 
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Deep Deterministic Policy Gradient (DDPG)

• Q-learning in DDPG

• Policy learning in DDPG
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Gradient Ascent



Deep Deterministic Policy Gradient (DDPG)
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Twin Delayed DDPG (TD3)

• Trick one: clipped double-Q learning
• TD3 learns two Q functions

• uses the smaller of the two Q-values to form the targets in the Bellman error 
loss functions

• Trick two: “delayed” policy updates
• Updates the policy (and target networks) less frequently than the Q-function

• Trick three: target policy smoothing
• Adds noise to the target action, to make it harder for the policy to exploit Q-

function errors by smoothing out Q along changes in action
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Q-learning suffers from overestimation bias



Soft Actor-Critic (SAC)

• An algorithm that optimizes a stochastic policy in an off-policy way
• Entropy-regularized RL
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Entropy increasing entropy results in more exploration, 
which can accelerate learning later on



Soft Actor-Critic (SAC)

• SAC learns a policy and two Q-functions
• Uses entropy regularization

• Train a stochastic policy
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Approximate expectation with samples



Soft Actor-Critic (SAC)

• Q-learning

• Policy learning
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maximize

The policy is learned by maximizing the soft value function



Soft Actor-Critic (SAC)

• Policy learning
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reparameterization trick



Soft Actor-Critic (SAC)
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Learning Closed-Loop Control Polices for 6D Grasping

19

Policy

Action

Relative 3D Translation
and 3D Rotation

State

Image

Segmentation

Point cloud

Deep Neural Network

Closed-Loop

Goal-Auxiliary Actor-Critic for 6D Robotic Grasping with Point Clouds. Wang-Xiang-Yang-Mousavian-Fox, CoRL’21
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GA-DDPG Network Architecture

actor

critic

PointNet++

PointNet++

Q Value: 0.81
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- PointNet++ Backbone

- Grasping Goals as Auxiliary Tasks

- 6D Ego-Transformation



Learning from Demonstration with the OMG-
Planner50,000 trajectories
1,500 3D shapes

Goal-Auxiliary Actor-Critic for 6D Robotic Grasping with Point Clouds. Wang-Xiang-Yang-Mousavian-Fox, CoRL’21



Our Learned Policy in the Real World

4X

4X

Goal-Auxiliary Actor-Critic for 6D Robotic Grasping with Point Clouds. Wang-Xiang-Yang-Mousavian-Fox, CoRL’21



Closed-Loop Human-Robot Handover

2X 2X

Goal-Auxiliary Actor-Critic for 6D Robotic Grasping with Point Clouds. Wang-Xiang-Yang-Mousavian-Fox, CoRL’21



Summary

• Model-free RL
• Deep Deterministic Policy Gradient (DDPG)

• Twin Delayed DDPG (TD3)

• Soft Actor-Critic (SAC)
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Further Reading

• OpenAI Spinning Up in Deep RL 
https://spinningup.openai.com/en/latest/index.html
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https://spinningup.openai.com/en/latest/index.html
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