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The objectives of this lecture is to:

• Describe the Expected SARSA

• Describe the Double Q-learning algorithm 

• Understand and describe n-step TD Learning

• Describe what a model is and how they can be used 

• Classify models as distribution models or sample models

•  Explain how planning is used to improve policies 



Expected Sarsa

• Expected SARSA, estimates the Q-value by taking a weighted average of the Q-
values of all the possible actions in the next state.



Expected Sarsa



Example: Expected Sarsa in Cliff World 

Average return per 
episode
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Off-Policy Expected Sarsa

Expected Sarsa is Off-Policy



Greedy Expected Sarsa

Q-learning is a special case of the Expected Sarsa
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What is the problem with Q-learning?

The problem with Q-learning is that it overestimates the value of certain actions. This is due to 
the max operator, which uses the same values to select and evaluate an action. This can lead 
to overoptimistic value estimates, resulting in a sub-optimal policy.

For example, let's say we have two actions in a certain state, A and B. A has a Q-value of 10, 
and B has a Q-value of 9. According to Q-learning, A is the optimal action to take in that state. 
However, what if the true Q-values for A and B are 4 and 12, respectively? Q-learning would 
still select A as the optimal action, even though it is sub-optimal.

The problem is named maximization bias problem.
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N- Step TD
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What is a Model?

• Models are used to store knowledge about the dynamics. 

• From a particular state in action, the model should produce a possible next state 
and reward. 

• This allows us to see an outcome of an action without having to actually take it.

• Models store knowledge about the transition and reward dynamics.
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Models for Planning

• A model allows for planning. 

• Planning refers to the process of using a model to improve a policy. 

• One way to plan with a model is to use simulated experience and perform value 
function updates as if those experiences happened. 



Types of Models

• Sample models produces an actual outcome drawn from some underlying 
probabilities. For example, a sample model for flipping a coin can generate a 
random sequence of heads and tails.

• Distribution models specifies the likelihood or probability of every outcome. In 
the coin flipping example, it would say that heads could occur 50 percent of the 
time and that tails could occur 50 percent of the time.



Example: Sample Models



Example: Distribution Models



Sample Models vs Distribution Models

• Sample models can be computationally inexpensive because random outcomes 
can be produced according to a set of rules. 

• Sample models require less memory.

• Sample models can only approximate this expected outcome by averaging 
many samples together.

• Distribution models contain more information, but can be difficult to specify 
and can become very large. 

• Distribution models can be used to compute the exact expected outcome.

• Distribution models can be used to assess risk.



Planning with simulated experience

• One can leverage a model to better inform decision-making without having to 
interact with the world, we call this process planning with model experience.

• Planning is a process which takes a model as input and produces an improved 
policy.



Planning improves policies

• One possible approach to planning is to first sample experience from the model.

• This is like imagining possible scenarios in the world based on your 
understanding of how the world works. 

• This generated experience can then be used to perform updates to the value 
function as if these interactions actually occurred in the world. 

• Behaving greedily with respect to these improved values results in improved 
policy.



Q-planning vs Q-learning

• Q-learning uses experienced from the environment, they performs an update to 
improve a policy.

• In Q-planning, we use experience from the model and perform a similar update 
to improve a policy.



Random Tabular Q-planning

One possible option is to sample states and actions uniformly.



Random Tabular Q-planning Pseudo-code



Planning uses imagined experience 

• A key point is that this planning method only uses imagined or simulated 
experience. 

• All of these updates can be done without behaving in the world or in parallel 
with the interaction loop.



Planning Updates

• Actions can only be taken at specific time points, but Learning updates can be 
executed relatively fast. 

• This results in some waiting time from after the Learning Update and when the 
next action is taken. 

• We can fill in this waiting time with Planning Updates.



Planning Update Example

• Imagine we have a robot that is standing 
near a cliff. Let's say it's model knows 
about the outcome of stepping off of the 
cliff, but it is not accurately represented 
in its value function or policy. 

• It can generate simulated experience of 
stepping off of the cliff and perform 
many planning steps on these 
transitions. 

• It's value functional now better reflect 
that stepping off of the cliff is bad, and 
it's policy will have its step away from the 
cliff.
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Summary:
• Describe the Expected SARSA

• Describe the Double Q-learning algorithm 

• Understand and describe n-step TD Learning

• Describe what a model is and how they can be used 

• Classify models as distribution models or sample models

•  Explain how planning is used to improve policies



Thank You


	Default Section
	Slide 1
	Slide 2
	Slide 3: Expected SARSA & Planning
	Slide 4: The objectives of this lecture is to:
	Slide 5: Expected Sarsa
	Slide 6: Expected Sarsa
	Slide 7: Example: Expected Sarsa in Cliff World 
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12: Off-Policy Expected Sarsa
	Slide 13: Greedy Expected Sarsa
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48: What is a Model?
	Slide 49
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54: Models for Planning
	Slide 55: Types of Models
	Slide 56: Example: Sample Models
	Slide 57: Example: Distribution Models
	Slide 58: Sample Models vs Distribution Models
	Slide 59: Planning with simulated experience
	Slide 60: Planning improves policies
	Slide 61: Q-planning vs Q-learning
	Slide 62: Random Tabular Q-planning
	Slide 63: Random Tabular Q-planning Pseudo-code
	Slide 64: Planning uses imagined experience 
	Slide 65: Planning Updates
	Slide 66: Planning Update Example
	Slide 67: Summary:
	Slide 68


