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Markov Decision Process

• In an MDP, an agent interacts with the environment, by taking 
actions that induce a change in the state of the environment. 

• An important assumption in MDPs is that the agent knows the true 
state of the world, e.g., trust.

• In reality, the true state of the world is not fully observable. 



Markov Decision Process

• Example: inferring user intent in 
robotic wheelchair applications
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Partially Observable Markov Decision Process

• The robot will maintain a belief state, which is a probability 
distribution over states. 

• The robot starts with an initial belief, it chooses an action, receives 
an observation and computes a new belief based on that 
observation 

• For each state and action, the agent receives a reward 

• As in the case of MDPs, the goal is to maximize the expected 
accumulated reward that it will receive over ta time horizon 



POMDP framework

A partially observable Markov decision process can be described as 
a tuple <S, A, T, R, Ω, Ο>, where
• S, A, T and R descibe an MDP
• Ω is a finite set of observations
• O: S x A → Π(Ω) is the observation function

The agent maintains a belief state b



Policy execution

• Given the current belief state b, execute the action a = π*(b)

• Receive observation o

• Calculate belief b’ and set current belief to b’
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Policy execution

• Given the current belief state b, execute the action a = π*(b)

• Receive observation o

• Calculate belief b’ and set current belief to b’



Meaning of a policy

• For one timestep, take an action

• For 2 timesteps, take one action, then the next action would 
depend on the observation we receive

• A policy tree is a tree describing sequences of actions and 
observations 



Policy Tree



Optimal Policy

• To compute the optimal policy, we need a metric of how good a 
given policy tree p is. 

• The value of executing a policy tree p in state s is the immediate 
reward by executing the action at the root node of the tree, plus the 
expected value of the future.



Optimal Policy



Value of executing a policy given a belief b
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Example

• What about T = 2? 

• That’s a two-step policy. It depends on the action at the first time-
step, and the subtree on the second timestep. Now, how many 
possible subtrees we have? 
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