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Reminders
✦ I have help hours Friday from 3-4 in W423

✦ Midterm 1 is next Tuesday (10/6). 

✦ It covers all concepts from our Search unit, but not 
Classification, which we start on Friday.

✦ No homework assignment this week.





Recap



Stochastic	Transition	Model
So far we have considered search problems where the 
outcomes of our actions was known. 

Our transition function took our current state and an 
action, and told us which state we would end up in next:

        T(s,a)         s'

But what if we don't know what will happen next?

Transition function is stochastic:

       T(s,a,s')        p(s'|s,a)



✦ Known state space

✦ Known transition function

✦ Transition function is stochastic:

                  T(s,a,s')        p(s'|s,a)

✦ Reward function that tells us the value 
of being in each state

Markov	Decision	Processes
Markovian transitions depend 

only on the current state



Assumptions	About	Transitions
When the transition function is known and deterministic:

When the transition function is known but stochastic:

When the transition function is unknown:

BFS DFS UCS AF Minimax

Expectimax Markov Decision Processes

Reinforcement learning



Reinforcement	Learning



Transitions	Are	Unknown
In Markov Decision Processes, the outcomes were 
uncertain, but not completely unknown. 

In Reinforcement Learning, we have to discover the 
transition function and the rewards associated with each 
state.



https://www.youtube.com/watch?v=jwSbzNHGflM


Reinforcement	Learning
✦ We still assume the following components:

States S

Actions A
Observed

Transition Function

Reward Function
Hidden



Reinforcement	Learning
Basic idea: 
✦ Agent receives feedback in the form of rewards
✦ Agent tries to learn to act in order to maximize 

expected rewards
✦ Agent learns from samples of observed outcomes 

(AKA: try something out and see what happens!)

Environment

Agent
Actions: 

a
State: s

Reward: r



RL	Components
✦ Policy selection: how do we pick actions?

✦ Policy evaluation: how do we learn from the results of 
our actions?



RL	Demo



Policy	Evaluation



In Direction Evaluation, we repeatedly follow the same 
policy and observe its rewards.

Direct Evaluation:

Direct	Evaluation

Reminder policy is a function pileftsrightrightarrowa

Act according to policy pi

In each state we visit

write down the observed
reward

the sun of discounted future
rewards

Discounting apply a fractional weight
to

future rewards so that weweight
them less than immediate rewards

Average samples



Direct	Evaluation

Sample of V(s):

Main Idea:
✦ Act according to policy 𝝅
✦ In each state, write down the sum of discounted rewards: 

the value of a state s is equal to the expected immediate 
reward at s plus the expected future reward from the 
successor state s’ 

✦ Average multiple samples
.

gammadiffenting

Rleftspileftsrightsright reward from taking action pileftsright
from int to S

Vpileftsright future rewards value of being in 5



Example:	Direct	Evaluation

Example from CS188 Intro to AI at UC Berkeley
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Example:	Direct	Evaluation

For simplicity, assume a weight decay of  = 1 (no decay) γ
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Weaknesses	of	Direct	Evaluation
Direct Evaluation works. 

But, we had to learn each state separately. 

That isn't very efficient!



Temporal	Difference	
Learning



Temporal	Difference	Learning
Main Idea: learn from every experience

TD Learning
✦ Update V(s) every time we make a transition T(s,a,s',r)

✦ Most likely outcomes (s') will contribute more updates

✦ Use a learning rate to control how quickly we update values

Sample of V(s):
Update to V(s):

Same update:

old infoα learning rate
New

info



TD:	A	Moving	Average
In TD Learning, we average our observations in a way 
that weights more recent samples highly.

Over time, we forget our initial estimates (which 
probably weren't very good!)

We decrease the learning rate 𝜶 over time.



Example:	Temporal	Difference	Learning

Assume: 

γ = 1,

α = 1/2

Observed Transitions

B, east, C, -2 C, east, D, -2

A
B C D

E

States

Example from CS188 Intro to AI at UC Berkeley
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Example:	Temporal	Difference	Learning

Assume: 

γ = 1,

α = 1/2

Observed Transition: B, east, C, -2

A
B C D

E

States

0

0 0 8

0

I
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Example:	Temporal	Difference	Learning

Assume: 

γ = 1,

α = 1/2

Observed Transition:

A
B C D

E

States

0

0 0 8

0

C, east, D, -2

-1
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Example:	Temporal	Difference	Learning

Assume: 

γ = 1,

α = 1/2

Observed Transitions

B, east, C, -2

0

0 0 8

0

0

-1 0 8

0

0

-1 3 8

0

C, east, D, -2

A
B C D

E

States

initial estimates
of Vleftsright updated VCCupdated VIB



Q-Learning
In practice, we want to know the value of state-action 
pairs, not just states. 

This version of TD Learning is called Q-Learning, 
because the value of a state-action pair is called a q-value.



Demo	of	Q-Learning



Policy	Selection



Policy	Selection

✦ Exploitation: choose the action with highest reward 
(according to current information)

✦ Exploration: choose a new action to discover new 
information more quickly.

RL policy selection must balance two things:



Exploration vs. Exploitation

Image from CS188 Intro to AI at UC Berkeley

Exploration	Versus	Exploitation

Policy	Selection



Policy	Selection

✦ Exploitation: choose the action with highest reward 
(according to current information)

✦ Exploration: choose a new action to discover new 
information more quickly.

✦ Different strategies for exploring:
- Choose the action that has been tried least often in the 

current state.
- Choose an action that leads to states that have been 

unexplored.
- Choose a random action.

RL policy selection must balance two things:



Policy	Selection
Passive Reinforcement Learning

✦ Take a fixed policy and follow it

Random Exploration

✦ Pick actions randomly

Balancing Exploration and Exploitation

✦ Pick actions randomly initially, but gradually switch 
to mostly doing actions that you have already found 
to be valuable 



Regret
Even if our Reinforcement Learning agent learns an 
optimal policy eventually, it will still take sub-par actions 
along the way.

Regret is the total cost of all of those 
mistakes: the differences between optimal 
expected rewards and the agent's actual 
rewards.

The best RL agent is one that minimizes 
regret: learns optimally!



✦ RL was first proposed in the context of game-playing. Arthur 
Samuel developed an RL-based checkers player in 1959. 

✦ In 1992, TD learning was used to train TD Gammon, a 
backgammon agent that reached world-champion level.

✦ In 2016, DeepMind’s AlphaGo system defeated Go champion Lee 
Sedol. It was trained on human expert games then refined by 
reinforcement learning via self-play.

RL	History:	Games



RL	History
✦ RL was first proposed in the context of game-playing. Arthur 

Samuel developed an RL-based checkers player in 1959. 
✦ In 1968, Michie and Chambers had success applying RL to simple 

robot navigation.
✦ Most foundational work on RL is from the 1990s, but applications 

took off in the 2010s once deep neural networks could be integrated 
into evaluation. 

✦ Since then, RL has become one of the most commonly used 
techniques for training robotics

✦ In the last couple of years, RL has been adopted                                 
as a common post-training strategy for LLMs



The	Perils	of	Reward	Maximization
RL models are trained to maximize their rewards and we 
know how to make them do this very effectively. 

This makes it important to define the reward function 
very carefully.

xkcd


