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1 Introduction Agent Environment
sensors < Percepts
I

- An agent perceives its environment through p.jo,
sensors and acts upon it through actuators Actuators Actions

>

- A rational agent chooses action to max expected value

2 Search

Search Problems have:

- State Space S - Goal test Gls) - Transition model Tls . a)

- Initial State
So

- Action cost c(Sia's
')

- Actions of state Als)

Solutions : action sequence that reaches goal stale

↳ Optimal solution : least cost among solutions

Depth First Search LDFS) Breadth First Search (BES)

Strat : expand deepest node first Strat :expand shallowest node first

Use : LIFO stacks Use : FIFO Queue

Optimal ? : No , finds " leftmost
"
Sol Optimal : If costs are equal

Uniform cost search (Ues) A-* Search
Strat: expand lowest cost Strat : expand node most likely on

from root gln) optimal path using heuristic
Use : Priority Queue by cost Use : Priority Queue by gln) + hln)
Optimal ? : Yes Optimal : Yes , if heuristic

admissible & consistent

Admissible : 01hG) 2- h*(n) Consistent : HCA) - h (c) C- CIA,C)

heuristic C- actual cost [ true
cost

heuristic "arc" cost 2- actual arc cost
to goal

Graph Search : track explored nodes in list R prevent revisiting nodes

Tree search : map paths w/ tree, node appear multiple times Pless memory

Greedy search
Strategy : Expand node w/ lowest heuristic valve,believed closest to goal
use : priority queue with heuristics

,
estimated forward cost

Optimal: No , not guaranteed to find goal state
, unpredictable



Local search
global Max

Hill Climbing t

Idea : Start wherever
,
repeat : move to the best neighboring ÷g

stale If no neighbors better than current
, quit

function HILL-CLIMBING (problem) returns state

current ← make-node (problem .
initial state) Random- restart hill climbing

loop do trevally complete
neighbor ← highest valued successor of current

if neighbors . valueE current.
value then - restarts from random

return current . state initial state

current ← neighbor

Simulated Annealing
Idea : random walk + hill climbing , choose randomly , choose worse w/

some probability according to temperature , temp starts high
w/ more

"bad " moves allowed and decreases

function SIMULATED
-
ANNEALING (problem, schedule) returns state

current← problem. initial-state

for +=L to ✗ do If T decreased
1- ← schedule It)

slowly enough ,if 1- =D then return current

next ← a randomly selected successor of current will converge to

OE ← next. value - current .value
optimal stateif DE >0 then current ← next

else current ← next w/ prob e°¥t

Local Beam Search multiple interaction searches

Idea : track Is states at each iteration , k threads share information

good threads attract other threads, chooses K best successors

Genetic Algorithms Break and recombine states

Idea : beam search K states in population , each state evaluated

w/ evaluation function (fitness fund , offspring produced by
crossing parent strings at crossover point



3 Games
Zero sum games : ourgain is directly equivalent to opponent's loss
Minimax algorithm to counter optimal opponent moves ☐

Idea : Zero sum algo assuming opponent plays optimally r r

terminal unities /state value : optimal score attainable 00 00

☐ ☐ ☐ ☐ ☐☐☐☐

function minimax - decision (s) returns action

return action a in Actions (s) w/ highest minimax-value (Results ,a))

function minimax-value Is) returns a value

if Terminal -Tests) then return Uliliyls)
if Player /D= MAX then return maxaeaoaans.is) minimax-value(Results .at)
if Player /D= MIN then return minaeaoaans.is) minimax-value(Results .at)

tree depth

Alpha -Beta Pruning optimization to minimax : 0lb
") ⇒ 0lb%)
^

brash;DIdea : Stop looking as soon as you know n's value can at best

equal optimal value of n's parent

✗ : MAX 's best option on path to root

B : MIN 's best option on path to root

def max-value/state, or,B) def min -value/state, or,B)
initialize V = - ✗ initialize V = + ✗

for each successor of state : for each successor of state :

v=ma×(v , value(successor, a, B)) v= min (v, value(successor, a, B))
if v2 B return v if v Ex return v

a-maxlx ,v) B -min (BN)
return v return v

Evaluation functions are used in depth - limited minimax

to output an estimate of the true minimax valve of the node

Eval Is)= Wif
,

+wzfzls) -1 . .. -1 Wnfnls)
^
a

weight associated w/ feature features of state



Expectimax algorithm with randomness using Expected value

Idea : Chance nodes calculated by taking expected utility of children
function decision (s) returns action o

0 0

return action a in Actions (s) w/ highest value (Results,a))
o o o o

function value Is) returns a value ☐ ☐ ☐ ☐ ☐☐☐☐

if Terminal -Tests) then return Uhliyls)
if Player /D= MAX then return maxaeaoaans.es) value(Results .at)
if Player /D= MIN then return minaeaoaans.es) value(Results .at)
if Player /s) __CHANCE then return sum

atActionsG)
Pr(a) * Value(Results, a))

Monte Carlo Tree Search (Mets) 0

P P

Idea: 611100 6110

"""" M ""
1) Evaluation by rollout : From states play many times using

☐ ☐ ☐ ☐ ☐☐☐☐

policy and count wins and losses

2) Selective search : explore parts of the tree ,
without constraints

on horizon
,
that will improve decision at root

UCB Algorithm
,

total wins for Player(Parent In))

Nln)
+ C µN(PARENt#UCBI G) =

Uln)

a Nln)
User specific Param to balance an

exploration vs. exploitation total rollout from n

4 Logic
Maintain a knowledge base w/ logical sentences that

can make logical inferences

Logic Syntax
Symbol Meaning Description

7 not 7 P true iff P is false

^ and (conjunction) An B true iff both A true and B true

✓ or (disjunction) A V B the iff either A true or Btme

⇒ implication A-⇒ B true unless A true and B false

⇐
,
I biconditional A-⇒B (AEB) true iff either both A.Btmeor false



Conjunctive normal form (CNF) : conjunction of clauses that are disjunction
of literals

(P, V . .. VP;) A . . .
A(Pjv . . -Vpn)

Converting to CNF :

1) Eliminate ⇒ (✗⇐ B) = ((✗ ⇒B) n(B⇒x))
2) Eliminate ⇒ ✗⇒ B = >✗VB

3) Not's G) only on literals > (✗ ^B)=L>✗V - B)
,
> (✗✓ B) = fish -B)

4) Reduce and distribute (✗AIBVY))= 11×1 B)v(x^Y))
,

(xvlB^Y))= llxv B)Hav 't))
model : assignment of the/false to all proposition symbols
valid : true in all models

satisfiable : at least one model where true

unsatisfiable : not true in any models

First Order Logic (FOL) Uses objects as base components
Use function symbols to name objects in terms Operator Precedence
quantifiers : 1) universal quantifier f :

"

for all
"

n
,
=

,
^
,
V
,

⇒
,
⇒

2) existential quantifier I :
"

there exists
"

Propositional Logical Inference
Entails (K ) : in all models where A- is true, B is as well ,

M (A) C- MLB)

show by :
1) A f- B iff A ⇒ B valid

direct proof

2) A f-B iff A ^-B unsatisfiable proof by contradiction

Model cheeking
DPLL Algorithm depth-first , backtracking search w/ tricks SAT solver

Idea: Solve satisfiability problem given in CNF
,
continue assigning

truth values until found or cannot be found
,
backtrack w/ conditions :

1) Early Termination : clause the if any symbol true, sentence false
if any single clause is false

2) Pure Symbol Heuristic : symbol only shows up in post neg form *true

assigned immediately (AV B)1-BVCIAGCVA)
3) Unit Clause Heuristic : clause w/ one literal or literal w/ many fakes



Theorem Proving
Resolution Algorithm
Idea : iteratively apply to knowledge base either q inferred or nothing left
Forward Chaining Algorithm to infer

Idea : data driven reasoning , iterating through every implication statement
where LHS known

, adding RHS to facts using Generalized Modus Ponens

Solve inference in FOL by Generalized Modus Ponens or propositional ization

translating problem into propositional logic and using SAT solver

5 Probability -11 : conditional
independence

Marginal distribution : PLA ,B) = { PLA ,B.C)

Bayes
' rule : PLAIB ,c) =

PLAB.cl
PCB , c)

=

NAB / c)

PIBIC)

PCAIB)=
PCBIA)PCA)
P (B)

Chain Rule : PLA ,B.c)= PLA ,BIC)PG)=P(AIB,c)P(Btc) P(c)

A conditionally independent given C : PLA ,BIC)=P(Ak)P(BIG
A independent of B given C : PCAIB ,C) =P(Alc)
A.B independent : PCA ,B)=P (A) PCB)

P( Q, -
..

Qa /e, . . . ek) Hidden variables
Query Variables , n values present but not
unknown

, trying to Evidence variables in distribution we are

compute observed
, values known computing

Bayes Nets
Idea : Joint distribution distributed across smaller probability

tables with Directed Acyclic Graph LDAG)
1) DAG w/ node per variable ✗

2) conditional distribution for each node PLXIA, . . . An) where
Ai is ith parent of X , stored as conditional probability table (CDT)



Each node is conditionally independent of all ancestor
nodes in graph ,given

all of parents

Bayes Net Inference (calculating joint probability )
Eliminate vars by : 1

. Jan Imultiply together) all factors involving ✗
2. Sum out ✗

P(✗=\ / A=t,B=t)=P(X=DP(A=tl×=YP(B=t1x= 1)

Prion Sampling : Randomly generate samples

Rejection Sampling : early reject any sample inconsisent w/ evidence

Likelihood weighting : Ensure we never generate a bad sample

1) manually set variables to equal evidence
2) weight each sample by probability of the evidence
variables given the sampled variables

Gibbs sampling
set all variables to random value , repeatedly pick one

variable at a time ,dear valve , resample

6 Markov Models
Wo→ W ,

→ Wz

Chain like infinite - length Bayes Not
Need to know initial slate and transition model
Mini - Forward Algorithm

Pr (Wit) = §Pr(Win /Wi) Prlw:)

Stationary Distribution

Pr(W++,)=Pr(W+)=EPr(W++i1w+)Pr(w+)
wt



Hidden Markov Models

allows to observe some evidence at tmestep
and affects belief distribution state variable > No→ Wi→ Wa

b f
n
.

Forward Algorithm
encodes belief

,
f
,
f
.

evidence Van

B'(W++ ,)=EPr(W++, /Wi) Blwi) Time elapse update
Wi

P(✗+ too ..tt/=Ex+.,P(X+/X+-i)P(Xt-i/Oo:t-i) 0: observation

B(w++,)xPr(fin /Win) B' twin) Observation update

B(Win) ✗Prlf :*/ Win) EPr(Win /Wi) Btw:)
Wi

plxtloo.it/XP(x+,O+/0o:+-i)--P(0+lx+)Plx+loo:+-i)

Viterbi Algorithm

Dynamic Programming algorithm to solve

argmaxPLX.in/ei:n)--argmaXx...nPlxi:n,ei:n)Xl:Nm+Lxif--Ple+lX+)m++Pl×t1x+-i)m+-11×1--1]



CS 188 Final Study Guide Jeffrey Shen

1 Dynamic Bayes Nets track multiple variables over time , using multiple source evidence

Idea : Repeat fixed Bayes net structure at each time
Particle Filtering simulating motion of set of particles through state graph to approx prob distr

1) Prediction Step: Sample new slate from transition model

particle j state ✗
+

"'
✗++,
"'
- P(✗++, 1×+4 )

2) Update Step : weight each sample on evidence , then normalize

wli) = P(e++
, / ✗jH)

Exact Inference : calc exact probability, more accurate but hard w/ large belief distribution

2 Rational Decisions

Principle of Maximum Expected Utility (MEU) : rational agents always select action to Max utility
Preferences :

A > B : prefers A- over B An B : indifferent between A and B

Lottery : A reviewed w/ probability p , B w/ probability tp
C- [ p , A ; (tp) , B]

Axioms of Rationality :
1) Orderability : must prefer A or B , or be indifferent (A >B) ✓ ( B >A) VIA -B)
2) Transitivity : if prefers A to B and B to C

, prefers A to C (A>B) A (B > c) ⇒ (A > c)
3) Continuity : if prefers A to B , B to C

, lottery L w/ A,C A>B>C ⇒ Ip [p ,Aj 4-p) , C] nB
possible St. indifferent between L and B for some p

4) Substitutabilily : indifferent between A- and B also indifferent An B.⇒[p,A; ftp.C]u[p ,Bill-Mic]

for lottery substitutions
5)Monotonicity : prefers A- over B

,
chooses lottery w/ highest A- prob A>B⇒ Ip>_q ⇒ [p ,A; 11-p),B] >_[g.A; (1-g) ,B)

3 Decision Networks used to model state
,
actions

,
utilities of subsequent states

Umbrella
Chance Nodes : outcome has associated probability § a

Action Nodes : choices between actions we can choose weather

Utility Nodes : children of chance & action representing utility r

Forecast

Value of Perfect Information (VPI) expected improvement in decision quality from observing value

VPI (E' /e) is value of observing new evidence E
'

given current evidence e

VPILE' /e)= MEU le, E') -MEU(e)=§Ple' /e) maax § Pls/ e.e')Uls,a)]- maax §P(steals,a)
VPI Properties
1) Nonnegativity : more informed decision V-E!e.VPI (E

' /e) 20

VPI (Ej , Eh /e) =/ VPI(Ej/e) + VPI(Ehle)2) Non additivity : can change how much we care about Ek

3) Order - independence: order of observation doesn't matter VPI (Ei , Ej/e) =VPIIE; , Ei /e)



4 Markov Decision Process (MDP) solving nondeterministic search problems

Markov Decision Process properties :
- State Space S - terminal state(s) - discount factor Y multiply to reward
- actions A - start state so for exponential decay in reward "

time constraint
"

- Transition function TIS,a, s') probability taking action a at states results in s
' Pls' Is, a)

- Reward function Rls
, a.S

') postneg reward for each step

Policy TL :S→A, mapping each state to an action

State Optimal Valve HHS) : expected utility of optimal agent from states
Optimal Q Value Q'+ Is

,
a) : expected utility of optimal agent from states taking action a

Policy Extraction : used to determine policy given some stale value function

Value Iteration DP algorithm to compute MDP until convergence of values

1) its ES ,
set Uols)=0

2) Repeat until convergence: tls ES
,
Uw, G)← max ETCS,a.5)[Rls,a,s')+ YU, Is')]

a s
'

Runtime : 0115121At)

Policy Iteration more efficient method to converge to optimal policy
1) Define an initial policy
2) Use policy evaluation for current policy U

"

/s) __ § Tls , -111s) , s ') [Rls , -111s), 5)+ YU
"

/s)]
3) Use policy improvement to find TLµls)= argmax E.Tls, a.5)[RG.a.si) + YU"ls

')]
better policy a s

'

5 Machine Learning learning parameters of specified model given data

Decision Trees simple nonlinear classifier but susceptible to overfitting
Entropy : uncertainty about variable 9 entropy 9 uncertainty entropy of binary variable

HIV)= - §P(vis) log.PH) Blq)= -qlogzq- 4-g) logzltq)
Information Gain : info gained by splitting on that feature

Gain type)=B(p¥) - ÉPp¥÷B(p÷.)
Linear Regression linear classifier for continuous rear output

L2 Loss function : metric to measure our model using squared difference ly- hlx)T
Least squares : Ñ=(Ñ×)"ÑY

Logistic Regression linear classifier for categorical variables ,-

Logistic function : hwlx)=¥×
0-

Find optimal using gradients

Models PCCIX) where c: class , × : evidence



Perceptron

Linear classifier : classification using linear combination of features
Activation : actuation .fi/)--hwlx)--w-flx)

classify 1×1 -- {+ if hwlw)
>0

- if hwlw) <0

Perceptron Algorithm:
1) Initialize all weights to 0 : w=0

2) Classify y and compare to the label y*
if y=y* ,

do nothing
if

y # y
't

, update w←w + y*f(x)

Naive Bayes model features as Bayes Net, assumes each feature is independent from others

Prediction for class label becomes prediction (F) = argmax PLY__yi)JP(Fj=fjlY=yi) , normalize
yi

Maximum Likelihood Estimation (MLE) : given ii.d. , method to learn probability , count
Likelihood : Lla)=¥

,
polx ;) lake gradient 8=0110-1--0 to get Max , log likelihood 109110)

Laplace smoothing : mitigate overfitting , assume seen K extra each of each outcome

Rap,k(x) =
CountG) + Is
N -1141×1Neural Networks

Multi-layer Perceptron map data to higher dimension then classify
"
"{ →" - " "

fz *{ → so . . . so § { > hUniversal tune approximates: two layer NN w/ sufficient neurons can approx any cont. func

can use indicator function of sgn threshold , Softmax tune to classify
"
* { → so . . - so

log Likelihood : logllw)= . log Plyilflxi;w)

Activation functions

sigmoid : olx)={n'e-✗ Rely :f(×)={0 if ✗<0✓ ✗ if ✗do ✓
Backpropagation determine gradient of output w/ respect to each of inputs
1) Forward Pass : compute valves through computation graphs
2) Backwards Pass : compute gradients taking advantage of chain rule

6 Reinforcement Learning method for solving MDP w/o transition & reward functions

Episode : collection of samples which are ↳a.s' ,r) tuples
Model - based learning : estimate transition

,
reward functions w/ samples before using policy /value ikr

- count times arrived in state and normalize counts
,
Law of Large Numbers will converge on optimal

Model - free learning : estimate Quakes directly w/o constructing model
↳ Passive reinforcement learning : agent given policy to follow and teamsvalues of state exploring

1) Direct Evaluation : fix policy IT and have agent experience, can compute by averages
2) Temporal Difference LTD) learning : learning from every experience

sample =R Is, -111s) , s') + YV
" (5)

VIIs)← (1-a) V.¥1s) + a. sample



↳Active Reinforcement learning : learning agent can use feedback to iteratively update policy
3) Q- Learning : Bypass model by directly learning Q Values

Q-value Iteration : Qµ , Is ,a)← {Tls,a,5)[Rls, a.5) + Y Max Qkls!a
')]

S
'

al

Quatre samples: sample -_ Rls,a,5) + Y Max Qlsia')
a
'

Qls
,a)← (1-x) Qls,a) +a. sample

Feature Based Representation : allow model to generalize learning experiences , store as hear fun

weight update Wi ←Wi - ✗ - sample 0¥
,

negate for gradient decent

Exploration vs. Exploitation

E-greedy : 0<-4-1 , act randomly w/ prob E , should be lowered over time

Exploration functions :
modified update

Qlsia)= 4-a)Qlsia) + ✗ [R(Sia, s') + ymaxflsi ,ay]a
'

f-Is
,a)= Qls,a) +É predetermined

NIS, a) r
# times astate visited

Regret : metric to measure model
,
difference between total reward for optimal and reward in our model


