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Reminder: Technology Policy

No technology except for first four rows of left and right sides



Jupyter Notebooks Postponed

“Primer”: Friday 5pm in Gates G01 

Friday Feb 14 5pm Gates G01

Covers:

Jupyter Notebooks and .ipynb files

Google Colab (online Jupyter Notebook environment)

Useful Python features

Bring your laptop



This Friday’s Lecture Preponed

To be given

Today 3:30-4:20

Gates G01

Will be recorded

and available on course website

(must watch between Wed and following Mon)

(Please come to the live version!)



1948/1951/1953

Alan Turing
Turochamp

Two-move lookahead
Evaluation function

One level “minimax”
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My Turn
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My Opponent’s Turn
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Minimax Algorithm
with Alpha-Beta Pruning

maxturn(s,ops,a,b): {my turn}

if cutoff(s,depth) then return f(s)
else

val -;
foreach o  ops

val’ minturn(apply(s,o),ops,a,b);
if val’ > val then

val val’;
bestop o;

if val ≥ b then return val;
a max(a,val)

return val

minturn(s,ops,a,b): {opponent’s turn}

if cutoff(s,depth) then return f(s)
else

val +;
foreach o  ops

val’ maxturn(apply(s,o),ops,a,b);
if val’ < val then

val val’;
bestop o;

if val ≤ a then return val;
b min(b,val)

return val

Initial call:
• If I go first:                     maxturn(initial-state,ops,-,+)
• If opponent goes first: minturn(initial-state,ops,-,+)
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Minimax Algorithm
with Alpha-Beta Pruning

maxturn(s,ops,a,b): {my turn}

if cutoff(s,depth) then return f(s)
else

val -;
foreach o  ops
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X X
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Alpha-Beta Pruning: Implementation

And so on
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Improving Minimax Search

For vanilla two-player zero-sum games:

• Ordering (or pruning) the operators to try at each node:
• Use f(s)

• Learn from game play (can be simple statistics on move outcomes)

• Dealing with the “horizon effect” – the effect of a move is past  depth-bound 
“horizon”:
• Don’t use fixed depth, go deeper when appropriate (for example, “quiescence”)

• Memorize “book openings”

• Table lookup for endgames: can precompute a lot

• …
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Going beyond vanilla two-player zero-sum games:

• Random game elements (stochastic games) – example: dice
• Repeated simulation

• Learning evaluation functions from book games and self-play
• Example: learn 𝑤𝑖’s if function looks like

𝑓 𝑠 = 𝑤1𝑓1 𝑠 + 𝑤2𝑓2 𝑠 + ⋯+ 𝑤𝑛𝑓𝑛 𝑠 =෍

𝑖=1

𝑛

𝑤𝑖𝑓𝑖(𝑠)



1959

Improving play by learning
Book games

Self-play



1989

Function approximation
for evaluation function

Repeatedly simulate games
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• Games of hidden information – example: other players’ hands
• Infer distribution over hidden information

• Repeated simulation



Improving Minimax Search

Going beyond vanilla two-player zero-sum games:

• Random game elements (stochastic games) – example: dice
• Repeated simulation

• Learning evaluation functions from book games and self-play
• Example: learn 𝑤𝑖’s if function looks like

𝑓 𝑠 = 𝑤1𝑓1 𝑠 + 𝑤2𝑓2 𝑠 + ⋯+ 𝑤𝑛𝑓𝑛 𝑠 =෍

𝑖=1

𝑛

𝑤𝑖𝑓𝑖(𝑠)

• Games of hidden information – example: other players’ hands
• Infer distribution over hidden information

• Repeated simulation

Much of this is captured in Monte Carlo Tree Search (coming later)



Next Topic:
Knowledge Representation and Reasoning

Textbook Chapter 7



Knowledge Representation and Reasoning

• Agents:
• Represent what they know about the world

• Use inference to derive new information

Sometimes called the “Logicist Approach” to AI



Wumpus World

Get points for taking gold

Die if in the same square as pit or wumpus

Can move Up, Down, Left, Right

Sensors:

• Stench: Wumpus is 1 away

• Breeze: Pit is 1 away

• Glitter: Gold is in current room

• States: [x, y, Stench?, Breeze?, Glitter?]
• Initial state: [1,1,False,False,False]



Wumpus World

Definition of world
(not known to agent)

What the agent knows

State = [1,1,False,False,False]



Wumpus World

Definition of world
(not known to agent)

What the agent knows

OK means “safe” (won’t die)



Wumpus World



Wumpus World



Wumpus World

No stench => no Wumpus in adjacent squares
No breeze => no pit in adjacent squares



Wumpus World

No glitter => no gold here



Wumpus World

Wumpus moves Right



Wumpus World

State = [2,1,False,True,False]



Wumpus World



Wumpus World



Wumpus World



Wumpus World



Wumpus World



Wumpus World



Knowledge Representation and Reasoning

• Agents:
• Represent what they know about the world

• Use inference to derive new information



Knowledge Representation and Reasoning

• Agents:
• Represent what they know about the world

• Use inference to derive new information

Focus here will be on formal logic


