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What Is Reinforcement Learning?

• Learn optimal policy
by interacting with 
the environment

• Interaction produces
a sequence of 
(state, action, 
new state, reward)
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Why Reinforcement Learning?

• Sequential input and action

• Long dependency of reward and 
the past action
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Markov Decision Processes

• An MDP is defined by:
• A set of states s ∈ S
• A set of actions a ∈ A
• A transition function T(s, a, s’)

• Probability that a from s leads to s’, i.e., P(s’| s, a)
• Also called the model or the dynamics

• A reward function R(s, a, s’) 
• Sometimes just R(s) or R(s’)

• A start state
• Maybe a terminal state

• Goal: Maximize sum of rewards

[Demo – gridworld manual intro (L8D1)]



11/9/2017 Machine Learning 5

What is Markov about MDPs?

• “Markov” generally means that given the present state, the future 
and the past are independent

• For Markov decision processes, “Markov” means action outcomes 
depend only on the current state

• This is just like search, where the successor function could only 
depend on the current state (not the history)

Andrey Markov 
(1856-1922)
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Policies

Optimal policy when R(s, a, s’) = -0.03 
for all non-terminals s

• In deterministic single-agent search problems, 
we wanted an optimal plan, or sequence of 
actions, from start to a goal

• For MDPs, we want an optimal policy π*: S → A
• A policy π gives an action for each state
• An optimal policy is one that maximizes        expected 

utility if followed
• An explicit policy defines a reflex agent
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Optimal Policies

R(s) = -2.0R(s) = -0.4

R(s) = -0.03R(s) = -0.01
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Example: Racing
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Example: Racing
• A robot car wants to travel far, quickly
• Three states: Cool, Warm, Overheated

• Two actions: Slow, Fast
• Going faster gets double reward
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Utilities of Sequences
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Utilities of Sequences

• What preferences should an agent have over reward sequences?

• More or less?

• Now or later?

[1, 2, 2] [2, 3, 4]or

[0, 0, 1] [1, 0, 0]or
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Discounting

• It’s reasonable to maximize the sum of rewards
• It’s also reasonable to prefer rewards now to rewards later
• One solution: values of rewards decay exponentially

Worth Now Worth Next Step Worth In Two Steps



Utilities

• Episodic task:

• Continuous task:

• Discounting: use 0 < γ < 1
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Recap: Defining MDPs

• Markov decision processes:
• Set of states S
• Start state s0
• Set of actions A
• Transitions P(s’|s,a) (or T(s,a,s’))
• Rewards R(s,a,s’) (and discount γ)

• MDP quantities so far:
• Policy = Choice of action for each state
• Utility = sum of (discounted) rewards

a

s

s, a

s,a,s’
s’
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Solving MDPs
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Optimal Quantities

 The value (utility) of a state s:
V*(s) = expected utility starting in s and 

acting optimally

 The value (utility) of a q-state (s,a):
Q*(s,a) = expected utility starting out 

having taken action a from state s and 
(thereafter) acting optimally

 The optimal policy:
π*(s) = optimal action from state s

a

s

s’

s, a

(s,a,s’) is a 
transition

s,a,s’

s is a 
state

(s, a) is a 
q-state

[Demo – gridworld values (L8D4)]



11/9/2017 Machine Learning 17

Snapshot of Demo – Gridworld V Values

Noise = 0.2
Discount = 0.9
Living reward = 0
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Snapshot of Demo – Gridworld Q Values

Noise = 0.2
Discount = 0.9
Living reward = 0
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Optimal Quantities

 The value (utility) of a state s:
V*(s) = expected utility starting in s and acting optimally

 So far, only consider deterministic state transition. Change to probabilistic
transition: same action can lead to different states
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Values of States

• Fundamental operation: compute the (expectimax) value of a state
• Expected utility under optimal action
• Average sum of (discounted) rewards
• This is just what expectimax computed!

• Recursive definition of value:

a

s

s, a

s,a,s’
s’
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Value Iteration

• Start with V0(s) = 0: no time steps left means an expected reward sum of zero

• Given vector of Vk(s) values, do one ply of expectimax from each state:

• Repeat until convergence

• Complexity of each iteration: O(S2A)

• Theorem: will converge to unique optimal values
• Basic idea: approximations get refined towards optimal values
• Policy may converge long before values do

a

Vk+1(s)

s, a

s,a,s’
Vk(s’)
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Example: Value Iteration

0             0             0

2             1             0

3.5          2.5          0

Assume no discount!
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Computing Actions from Values

• Let’s imagine we have the optimal values V*(s)

• How should we act?
• It’s not obvious!

• We need to do a mini-expectimax (one step)

• This is called policy extraction, since it gets the policy implied by the values
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Computing Actions from Q-Values

• Let’s imagine we have the optimal q-values:

• How should we act?
• Completely trivial to decide!

• Important lesson: actions are easier to select from q-values than values!
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Problems with Value Iteration

• Value iteration repeats the Bellman updates:

• Problem 1: It’s slow – O(S2A) per iteration

• Problem 2: The “max” at each state rarely changes

• Problem 3: The policy often converges long before the values

a

s

s, a

s,a,s’
s’

[Demo: value iteration (L9D2)]
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Policy Evaluation

• Another basic operation: compute the utility of a state s under 
a fixed (generally non-optimal) policy

• Define the utility of a state s, under a fixed policy π:
Vπ(s) = expected total discounted rewards starting in s and following π

• Recursive relation (one-step look-ahead / Bellman equation):

π(s)

s

s, π(s)

s, π(s),s’
s’



11/9/2017 Machine Learning 27

Policy Evaluation

• How do we calculate the V’s for a fixed policy π?

• Idea 1: Turn recursive Bellman equations into updates
(like value iteration)

• Efficiency: O(S2) per iteration

• Idea 2: Without the maxes, the Bellman equations are just a linear system
• Solve with Matlab (or your favorite linear system solver)

π(s)

s

s, π(s)

s, π(s),s’
s’
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Policy Iteration

• Evaluation: For fixed current policy π, find values with policy evaluation:
• Iterate until values converge:

• Improvement: For fixed values, get a better policy using policy extraction
• One-step look-ahead:



11/9/2017 Machine Learning 29



11/9/2017 Machine Learning 30

Comparison

• Both value iteration and policy iteration compute the same thing (all optimal values)

• In value iteration:
• Every iteration updates both the values and (implicitly) the policy
• We don’t track the policy, but taking the max over actions implicitly recomputes it

• In policy iteration:
• We do several passes that update utilities with fixed policy (each pass is fast because we 

consider only one action, not all of them)
• After the policy is evaluated, a new policy is chosen (slow like a value iteration pass)
• The new policy will be better (or we’re done)

• Both are dynamic programs for solving MDPs
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