
Prepared by Dr. Ashraf Elsayed

Reinforcement Learning

 (AI644)

Lecture 5



Reinforcement Learning

Lecture 5

Dr. Ashraf Elsayed

Prepared by

www.midocean.ae



www.midocean.ae

Dynamic Programming



www.midocean.ae

The objectives of this lecture is to:
• Understand Dynamic Programming 

• Use Dynamic Programming to workout value functions and optimal policies

• Understand Policy Evaluation vs. Control

• Understand and explain Iterative Policy Evaluation
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Several coins are placed in cells of an n×m board. A robot, 
located in the upper left cell of the board, needs to collect as 
many of the coins as possible and bring them to the bottom 
right cell. On each step, the robot can move either one cell to 
the right or one cell down from its current location.
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Policy Evaluation vs. Control
• Policy evaluation is the task of determining the value function for a 

specific policy. 

• Control is the task of finding a policy to obtain as much reward as 
possible. 

• In other words, finding a policy which maximizes the value function.

• Control is the ultimate goal of reinforcement learning. 

• But the task of policy evaluation is usually a necessary first step.

• Dynamic programming algorithms use the Bellman equations to 
define iterative algorithms for both policy evaluation and control. www.midocean.ae



Policy evaluation
• It is the task of determining the state value function vπ for a particular policy π.

• Remember, the Bellman equation reduces the problem of finding vπ to a system of 
linear equations, one equation for each state. 

• So the problem of policy evaluation reduces to solving this system of linear equations. 
But in general this might not be practical when dealing with large MDP 
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Control
• It the task of improving a policy.

• Remember, here we say π2 is strictly better than π1 because π2 is at least as good as or better 
than π1 and there's at least one state where the value under π2 is strictly greater than the value 
under π1. 

• The goal of the control task is to modify a policy to produce a new one which is strictly better. 

• Moreover, we can try to improve the policy repeatedly to obtain a sequence of better and better 
policies

π*

Optimal Policy
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Dynamic Programming

• Dynamic programming uses the various Bellman equations, along with knowledge 
of p, to workout value functions and optimal policies. 

• Classical dynamic programming does not involve interaction with the 
environment at all. 

• Instead, we use dynamic programming methods to compute value functions and 
optimal policies given a model of the MDP.
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Iterative Policy Evaluation

• The idea of iterative policy evaluation is to take the Bellman equation and directly 
use it as an update rule. 

• This procedure iteratively refine our estimate of the value function.

• This will produce a sequence of better and better approximations to the value 
function.

Update Rule
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Iterative Policy Evaluation
• We begin with an arbitrary initialization for our approximate 

value function, let's call this V0. 

• Each iteration then produces a better approximation by using 
the update rule.

• Each iteration applies this updates to every state, s, in the state 
space, which we call a sweep. 

• Applying this update repeatedly leads to a better and better 
approximation to the state value function Vπ. 

• If this update leaves the value function approximation 
unchanged, that is, if Vk+1 equals Vk for all states, then Vk equals 
Vπ, and we have found the value function. 

• This is because Vπ is the unique solution to the Bellman 
equation
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Iterative Policy Evaluation Implementation

• We store two arrays, each has one entry for every state. 

• One array, which we label V stores the current approximate value function. Another 
array, V’, stores the updated values. 

• By using two arrays, we can compute the new values from the old one state at a time 
without the old values being changed in the process. 

• At the end of a full sweep, we can write all the new values into V ; then we do the 
next iteration

A Full Sweep
www.midocean.ae



Example: Gridworld
• Assume we have an episodic MDP with terminal states located in the top left and 

bottom right corners. 

• Since the problem is episodic, let's consider the undiscounted case of gamma equals 1.

• There are four possible actions in each state up, down, left, and right. 

• Each action is deterministic. If the action would move the agent off the grid, it instead 
leaves the agent in the same state. 

• All transitions leads to a reward of -1 and when we reach a gray box the episode ends.
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Example: Gridworld
• Now, let's evaluate the uniform random policy, which selects each of the four 

actions one-quarter of the time. 

• The value function represents the expected number of steps until termination from 
a given state.

• Assume in this problem that initialize all the values in V to zero, 

www.midocean.ae



Example: Gridworld
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Example: Gridworld

After the first full sweep…
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Example: Gridworld
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Iterative Policy Evaluation Pseudocode
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Example: Gridworld
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Example: Gridworld
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Example: Gridworld

After the second full sweep…
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Example: Gridworld
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Example: Gridworld
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Example: Gridworld
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• Last lecture we have seen that given v*, we can find the optimal policy by choosing 
the Greedy action. 

• The Greedy action maximizes the Bellman's optimally equation in each state. 

• Imagine instead of the optimal value function, we select an action which is greedy 
with respect to the value function v π of an arbitrary policy π. 

Policy Improvement
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• Recall the definition of qπ. It tells you the value of a state if you take action A, and 
then follow policy π.

• Imagine we take action A according to π’, and then follow policy π. If this action has 
higher value than the action under π, then π’ must be better. 

• The policy improvement theorem is as follows:

Policy Improvement Theorem

The new policy is a strict improvement over π unless π is already optimal
www.midocean.ae



Example

Optimal www.midocean.ae



• We will show now how we can use the policy improvement theorem to find the 
optimal policy by iteratively evaluating a sequence of policies.

• Policy iteration consists of two distinct steps repeated over and over, evaluation and 
improvement.

Policy Iteration
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• We initialize V and π in any way we like for each state s. Next, we call iterative policy evaluation to 
make V reflect the value of π.  Then, in each state, we set π to select the maximizing action under the 
value function. If this procedure changes the selected action in any state, we note that the policy is 
still changing, and set policy stable to force. After completing step 3, we check if the policy is stable. 
If not, we carry on and evaluate the new policy.

Policy Iteration Pseudocode
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Example: Gridworld
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Example: Gridworld
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• The policy iteration algorithm runs each step all the way to completion. 

• Imagine instead, we follow a trajectory like this. 

• Each evaluation step brings our estimate a little closer to the value of the current 
policy but not all the way. 

• Each policy improvement step makes our policy a little more greedy, but not totally 
greedy. 

• Intuitively, this process should still make progress towards the optimal policy and 
value function. 

• We use the term generalized policy iteration to refer to all the ways we can 
interleave policy evaluation and policy improvement.

Flexibility of the Policy Iteration Framework
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• The term Generalized Policy Iteration refers to all the ways we can interleave policy 
evaluation and policy improvement.

• Value Iteration is generalized policy iteration algorithm that combines both policy 
evaluation and improvement into a single update. 

• In value iteration, we do not run policy evaluation to completion, we sweep over all 
the states and greedify with respect to the current value function.

Generalized Policy Iteration
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Thank You
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