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Lecture 1: Search

0.1 1. Different Agents

o Reflex agents: based on current percept (and maybe memory).
o Planning agents: based on (hypothesized) consequences of actions.

0.2 2. Search Problem ¥¥£Z[n]@h

— M ERN)BNINBEELLTITE: * A state space - The set of all possible states that are
possible in your given world * A set of actions available in each state * A transition model
- Outputs the next state when a specific action is taken at current state * An action cost -
Incurred when moving from one state to another after applying an action * A start state -
The state in which an agent exists initially * A goal test - A function that takes a state as
input, and determines whether it is a goal state

A solution is a sequence of actions (a plan) which transforms the start state to a goal state.

0.2.1 2.1. State Space

R RIP AT FFIBE AT

e« World State: includes every last detail of the environment.
e Search State: keeps only the details needed for planning.

0.2.2 2.2. State Space Graphs

A mathematical representation of a search problem.
(We can rarely build this full graph in memory - Too Big!!!)

o Nodes - (abstracted) world configurations
o Arcs - successors (actions)
o The goal test is a set of goal nodes (maybe only one)

BRI T FHMIEREE BAPRSHIB R
PR AT RE L EFNE R A B ST E R RS = B E.

0.2.3 2.3. Search Tree

General Procedure

function Tree-Search(problem,strategy) -> returns a solution, or failure
initialize the search tree using the initial state of problem
loop do
if no candidates for expansion:
return failure

choose a leaf node for expansion according to startegy
if node contains a goal state:
return the corresponding solution
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/State Space Graph\ A / Search Tree \

the search tree is
an entire PATH in
the state space S
graph. g o P
e ———— N
b c e h r
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c
little as possible. k :
a

Figure 1: Graph and Tree

else:
expand the node and add the resulting nodes to the search tree

NRXELEEI AT EZEAFRRTEAN?
& S AR

Similarity
TEEREFFHRETENERN, ANESTEITEKX

Each NODE in the search tree is an entire PATH in the state space graph.
BRMNPHTRRMURT—MIE, EARIRZUEFRINTEDEFT,

0.3 3. Uninformed Search Methods
LUBNEERENPLTEATE BRRESNMAEN, A FANEE B RTIEN B AR RIEER

ERER,
XBET=1MNENMEL: DFS, BFS, UCSo

0.3.1 3.1. Depth-First Search (DFS)

1514 R
B NERT RIEERANADRT RETT R
B BREATRAREFDRBR, XENEK

EFTRRERAFTNERT R —ERR
Etb2 SRS SEREA 1o A Stack

REBEETTAL!

SEEE Xf:éo NREFERIF, HNAIERERNRES
TR

Rt FREF, ARERENPHE “RAD” BF
RBEZE, ﬁ'ﬁT%Lﬁﬂ%&ﬁEZ&o

BfiRl S E O(b™), m is the maximum depth, b is the
branching factor (— M HREZHZDNF
TR .
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TEIERE O(bm)

fl: F—1MERA DFS HEIMT = A B G B

()
|
Fo————— F————— +
| I
(B) (©
| I
+-—+——+ |
| I I
D  (E) (F)
I I
I I
to——p—————— +
|
(@

BiE. FRAMNIBEMSCIN * 187 (Frontier): B—1M% (Stack) KK, RIKZEIEHNT
— P EBERENT R, * BifiA (Visited): A—TES (Set) RIEREELRFINTI A, BALEE

[B] Sk BR B FE NFEAEER

Step 0: FFE= A BAEA, * Frontier (Top -> Bottom): [A]

* Visited: {} Stepl: IR&E A

MIRTRERH Ao A AZ2BE1R. & A fRicH “Binin”. #3 A BIFrESE (B, C),
BENTENEF, * Frontier: [B, C] * Visited: {A} Step 2: I*%& B

MILTREX L Bo B N2 B1R. ¥ B #Ri2h “BifiR7. %2 B #I%F/F (D, E), FE()
EN#%AH, * Frontier: [D, E, C] * Visited: {A, B} Step 3: #*Z& D (EfIE) Mix
TREXH Do D AZB#R. ¥ D fxich “BikiR. D ZEEFEBE, B 5EiAR, *
Frontier: [E, C] * Visited: {A, B, D} Step 4: ¥£%& E * Frontier: [G, C] * Visited:
{A, B, D, E} Step 5: ff&E G (XEIBR! ) MEIRENH Go G BHANWBR! R

B!

0.3.2 3.2. Breadth-First Search (BFS)

1514 1%
B R R RN T RERAART RE T B
5 FHRBORNT R, AEEHERANTR,

M

KBIBT S ENIRE #1751 A Queue
RBEZ M
T, BB, BATERFA,
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R

R

=Lt

BYE S E

TiEERE

FR&E, FREAOR LEEMATRERAER
EERAS, BFS RIERMHFHRIERNEREL
FEANEE, EAXER BFS B AHSMA
RRAVISH.

O(b*), s NEMAERIRE, b is the branching
factor (—MPREZHELZDPFNR) .
o(b*)

0.3.3 3.3. Uniform Cost Search (UCS)

4

1%

B

RN

A MIECIET RUEER A RO R T S#HT
*}L}EO

EEE TR Priority Queues NATIZ v
BRERPNERATRE v NEREREK, v
HNERRZ. %S aIR/N R EHER
NEFTREY, SEEMER AR TR
R ABIRREHER

T2, NREITRBEFE, BREFE—FE
[REENRERE.

B&, (Hi—MAERRANEKEES Dijkstra
BEMERE, FEXFIETF UCS =EXEIFERK
SHALE, MARKIEAFIE RSHRIE
2o )

o /e, C* AMRRERTLREANRMERRHISE
PRARZS, e AEE—F (8) BI&/AES.
O(bC" /)
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) <—- Btn

B * AR (Frontier): F—MUFTBAF!I (Priority Queue) SE¥, PAFIHFHIEINTTERE (FZS,
TR), HIaRRMAEMNNEIRERF. * BIRE (Explored): B—1M5&S (Set) RiEREELERE
ST R, BEREIFTEEERIE,

Step 0: #J1R1L
BEm A BRNLSEBATI, ERASH 0o * Frontier (FERASHERF): (0, A)]
* Explored: {}

Step 1: RE A MLFCPATIREVHAAREATR (0, A)o B A BN “BRE
%E A BISRE B A Co

ZIBMRAR 0+ 1 =1, ¥ (1, B) BRNBAF,

2 C AR 0 + 5 =50 FF (5, C) BIABAF!, * Frontier: [(1, B), (5, C)] * Explored:
{A}

Step 2: IR& B (MARE C! ) LEAIIFHEARENZ (1, B). BXHE, H¥& B K
A “BIRE", XE B BIME Do

2 D BEAZ (A B B BIRRAE) + (B B D BIRZS) =1 + 3 = 40 ¥ (4, D) BRANBA
Hllo

o Frontier: [(4, D), (5, C)] (A= (4,D) HE 7T (5,C) BIAIHE)
o Explored: {A, B}

XER RE C B A WEERSE, BENZEIE D WEMBIZRZA (4) LEE C &Y
RS (5) R, FREL UCS (kR T XFEERERRENRR.

Step 3: RZE D MIFPATIFENE M ARENT R (4, D)o ¥ D BN “BHEER"
#E D B9%B/E Go

2 G B AEZE (A B D BIRA) + (D B G BIRA) = 4 + 2 = 6. ¥ (6, G) BN
B,

o Frontier: [(5, C), (6, G)]
o Explored: {A, B, D}

Step 4: RE C MAFTPAFIREHEARERN TR (5, C)o & C BN “BRE". X
2 C BISPE Do

2 D R ERAZE (A Bl C BIAE) + (C B D BIREAS) =5+ 1 = 6o

KWERI D B4% “‘BRE £5E7T. MEMRBRENE (6) HALLZA1E D B
7 (4) BIR, FELEEBABRRXFREZ.

o Frontier: [(6, G)]

« Explored: {A, B, D, C}

Step 5: R&R G (FEIEAR! ) METAFIFEEAERRIT R (6, G)o G BFA]
RBR! BRI HREMRRMEZ 6, BEANA->B->D-> Go
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Lecture 2: Informed Search

F Uninformed Search BHAKS? FIASRAMELNTIMEE, (HiEhn BER B
EAREIEA T S,
i, S ERHSEER!

0.4 1. Heuristics

A heuristic is a function that estimates how close a state is to a goal.

BARNBZBERHNEMRAZE (BIBRRT RGN —EOR) MRS

0.5 2. Greedy Search TEHEZH

Sk &R
B ERAEREBANENART RETH B
praly ] KF Priority Queue, XFIETF, ZHER

FEERERRE (MEREZHFITR n Fh
BEERMEFRKA) KOEM&AR, ML
ARANELABTGRIRME (MR
n EER R FRFRERIRIRALE) o

R e, EAETR THRIEEE I XL
Mo

=it RS, EAERTR THRIEEE S XL
Mo

kb UCS # Greedy Search

M S (BBR) AifEE™ G (BR). BEPFEMRMHERT A # B,
(cost=5)

R G

/ /
(cost=4) (cost=2)
/ /
§ —mmmmmm e B

(cost=2)

Y47 Heuristics (ABHERFE, UCS FAFE)
A “FI&R G WELKES" fEABATVEEL h(n) BE,

>

(A
(B
(S
h(G

>

>

S N N N
Il

S Ut = =
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Greedy Search (RXiDB

S1k UCS (RXiUERAET) %1B)
BbxER RERBENLIRRA g(n)  ELXBIFBMEITRA A(n)
REEIE UCS XWZ B MIAALLE A SEIEERRN A WBXEEZR

BURRAE(R, &R R B; M KT B NBAE, &RV R
BRI G RAER, BRER, A; MEAN G BER, #FK

—I:IEEO
KREBERE S—B—G S—A—G
RAREERE 4 9
RIZER IR ERMEEEF
0.6 3. A* Search
Sk iR
BER EFAERMRMITET BRENLRT R
R KF Priority Queue, A* ¥ UCS EHENZE

ERRAS ZEEREANGIT IR D
(Heuristics {) #8i0, MMABMEHMIESR
B BARRI I 2 A AR.

RN & RiLE ELATEEENBAREE ENMEEENA)
HERT, A* EREREEXRM,.

0.7 4. Admissibility AJ¥EH1T (FHIFEY Heuristics)

Recall: BREFHRA UCS. FABEREM A* PRAFHREMKRATIRFIITZE. g(n) - Total

backwards cost computed by UCS. h(n) - The heuristic value function, or estimated forward
cost, used by greedy search. f(n) - Estimated total cost, used by A* search. f(n) = g(n)+ h(n)

BERRFIE Heuristics FEERXFTHEMRM. X5|IHT Admissibility ATEHMERIBER: The

condition required for optimality when using A* tree search is known as admissibility.
BARNEE LT ER S SEFR N

Vn,0 < h(n) < h*(n)

Theorem: JIRBAIVKER h HEAJZAMLOR, NXZERPBERTE h B A* RS
PR,

AR E B

0.8 5. Graph Search

Intention: HHERMEIA: FFRLEFERT, ERIREKTIAER, EREZEERLRBEFER

Graph Search EEREERNIERSGEN, 4ip—1 ‘BERX T BRTRES. AR,
FREMTRAT RAIEAESTESESH, NRAE, )”UT‘?FEF#%E%?JD@J%A% A XM
YN BIRHE RN B R,


https://inst.eecs.berkeley.edu/~cs188/textbook/search/informed.html
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Intention: EEZRIATEERID, 24— MIFM T h=0

ATFHR A NBANVEZATHR B HNEAIE, BITR C BAERE _FRIAEBET B
ATR B HNFTR. A, ERBAN ‘BER” &, Bt A* BERERFEEN A BFHRE
TininEs, EXAENT RE, BItEKTHRAFEIRLE,

— AMUFRBERE A* BEEZNAEENT R, EFEEREREHE T —FEFENRET!

0.9 6. Dominance fRBE (Eb3% Heuristics BIFIF)

ERFE? - BRAMEITMERLERSEIBRER! IREAN o« KFBAN b, BA
MNFRSZEEFHENNR, o BEITERESEHAT o BEITBRER.

Vn : hq(n) > hy(n)

BENMER, HINEMLEENEREFERSTARABLAAEE, AHEE(MHENR
KiE.

0.10 7. Local Search Zsithi¥z

528109FRE: Z2giBFEMXOBENKREURIAEHRERRIR, FEFEENMNIXOBENREE
MREE,

B BERStEBEIMEESRESED, EIRIRAE (RFEERxEAE)

XEAEELUTEE: hill-climbing, simulated annealing, local beam search, and genetic algo-
rithms.

1 FFshTE!!
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Lecture 3: Constraint Satisfaction Problems

S5#8REEAE, CSP 2—MiRFRE, BIRMNIABRINEMRESZ2ENETRS, MER
FEAIAAEIZ B iFo

ARFREIPZE NP-hard By, AEEREFFEENE AR LTS IR B EI It 3R] =Y
2,

CSP H=1MAEZEENX . * Variables - CSPs possess a set of N variables Xi,..., Xy that can
each take on a single value from some defined set of values.

o Domain - A set {z1,..., 24} representing all possible values that a CSP variable can take on.
o Constraints - Constraints define restrictions on the values of variables, potentially with regard
to other variables.

HENGIFE N 207, BE- X;, HF0<i,j < No 81 X;; €K N x N #HE E—
A=

% - {0,1}. 81 X,;; ATLAEME 0 &% 1, XB—Me/RME, ®RREREMUE (i,)) 28FE—
5.

IR - * Vi, 4, k (Xij, Xix) € {(0,0),(0,1), (1,0) }ERTENERFEEER—1To* Vi, 4, k (Xij, Xij) €
{(0,0),(0,1), (1, O)}°TETE-[B§/|\E%EZ:§EEE_§U°* Vi, g, k (Xij? Xi-i-k,j-i-k) € {(0,0),(0,1),(1,0)
RN EETFREER—EMALREIN AL L Vi, 5,k (X,j, Xitr—k) € {(0,0),(0,1),(1,0)
RBle * 3, Xij = No MEHE LIEFE N TEENEK.

o

}
}0

0.11 1. Constraints Graph £J5RE

ARFBERDBERTNORE, HPNRERTEE, BRTEEZENAIR,

YRBELUITUMHSER: - Unary Constraints —7cER: & CSP HRENTE, FELR
EhRR, MEENENBETREELIERTEMIR, - Binary Constraints —7t£I%R: ZTAR
TREIEE, el 1EAREFUERNEILA LR T - Higher-order Constraints fmfH£I5R :
BREAHELZTENARBALA CSP BFARR, ENIREEERERAFRITE,

0.12 2. Backtracking Algorithm (Solving CSP)

EARMERRR — AR ERMUER DFS. S#HETFUTRN: - BEZENIRF, HiR
IR ERETENE. (RAARMERAIIRE, FAIUAER) - AEEEFEN, (NERS5ZHWR
ERPRIE, WRAEFEXFNE, WEHHARLE E—1ZE, HEAHEE.

function BACKTRACKING-SEARCH(csp) returns solution/failure
return RECURSIVE-BACKTRACKING({}, csp)

function RECURSIVE-BACKTRACKING(assignment, csp) returns soln/failure
if assignment is complete then return assignment
var $\leftarrow$ SELECT-UNASSIGNED-VARIABLE(VARIABLES[csp], assignment, csp)
for each value in ORDER-DOMAIN-VALUES(var, assignment, csp) do
if value is consistent with assignment given CONSTRAINTS[csp] then
add {var = value} to assignment
result $\leftarrow$ RECURSIVE-BACKTRACKING(assignment, csp)
if result $\neq$ failure then return result
remove {var = value} from assignment

10
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— T

-5 O

A

.

/\

e ‘

Figure 2: Backtracking example

e |

return failure

0.13 3. Improving Backtracking
0.13.1 3.1. Filitering &iE

Filtering f#/RY Can we detect inevitable failure early? HJjAJEH
Forward Checking

KERDETES5SFHREENERAPR! (BEMARMIMTERNIT)
Arc Consistency

o Important: If X loses a value, neighbors of X need to be rechecked!
e Arc consistency detects failure earlier than forward checking

e Can be run as a preprocessor or after each assignment

e What’s the downside of enforcing arc consistency?

¢ Remember: Delete from the tail!

function AC-3(csp) returns the CSP, possibly with reduced domains
inputs: csp, a binary CSP with variables {X_1, X_2, ..., X_n}

11
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WA NT Q NSW v SA
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TEWAEHT, 26— NCloudidsk, #fBIFATHER R — L AN v BER 15 1L

Figure 3: Filtering

local variables: queue, a queue of arcs, initially all the arcs in csp

while queue is not empty do
(X_i, X_j) <- REMOVE-FIRST(queue)
if REMOVE-INCONSISTENT-VALUES(X_i, X_j) then
for each X_k in NEIGHBORS[X_i] do
add (X_k, X_i) to queue

function REMOVE-INCONSISTENT-VALUES(X_i, X_j) returns true iff succeeds
removed <- false
for each x in DOMAIN[X_ i] do
if no value y in DOMAIN[X_j] allows (x, y) to satisfy the constraint X_i <-> X_j
then delete x from DOMAIN[X_i]; removed <- true
return removed

Runtime: O(n?d®), can be reduced to O(n?d?) BUT detecting all possible futrue problems is
NP-hard.

Limitation of Arc Consistancy See an example below:
Arc Consistancy satisfied!! BUT no solution!!!

12
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0.13.2 3.2. Ordering HFF

TEKfE CSP Y, ENTEMFISRNEEMEHIT—LEHF, TXREP, FARNT ZHERM
‘R HE T EERENNMNEREEEN, XMMRUE: &/NFREMR/NIRE: -
Minimum Remaining Value &/MURE (MRV) #ERBEERRERERIVNETE (B
NRETIEOTE),

« Least Constraining Value S/MIR{E (LCV) EFIMEHM (BE) TENRRDH
B, BMERE— M EEARRIERRERZATEMENE XFEIIIMNMITE (Bl, WEME
BINITII 3 /AT AR B S E MRS EUIRE LCV) , BRI UBIEERERIRS
RE,

XRETRE! WTF variable B TERMERTREY, BEXTF value Fl ERRTART,
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Lecture 4: Constraint Satisfaction Problems 11

0.14 Recall

1. K-Consistency
Increasing degrees of consistency

o 1-Consistency (Node Consistency): Each single node’s domain has a value which meets
that node’s unary constraints.

o 2-Consistency (Arc Consistency): For each pair of nodes, any consistent assignment to
one can be extended to the other.

o K-Consistency: For each k nodes, any consistent assignment to k£ — 1 can be extended to
the k' node.

Higher k more expensive to compute (but makes filtering better: tradeoff!).
2. Strong K-Consistency * Strong k-consistency BIXF: also k-1, k-2, ... 1 consistent.

e Claim: strong n-consistency means we can solve without backtracking! Problem: NP-hard
Problem, so it’s extremely hard to build a Strong K-Consistency!!!

o Lots of middle ground between arc consistency and n-consistency! (e.g. k=3, called path
consistency)

0.15 1. Structure: Improvement to solving CSP (continue)

Theorem: if the constraint graph has no loops, the CSP can be solved in O(n - d?) time. 3F
—f&EY CSP Al worst-case time is O(d").

» Algorithm for tree-structured CSPs:
= Order: Choose a root variable, order variables so that parents precede chila\;eil/

~_ N A
©’ = =Y

R " 5P ® 34

= Remove backward: Fori=n: 2, apply Removelnconsistent(Parent(X;),X;)
= Assign forward: For i = 1: n, assign X; consistently with Parent(X;)

* Runtime: O(n d?) (why?)

Tree Structured CSPs

FE: 1. 8%, FAREFH CSP EE—NEETREANWE (B—IHFAEE, ARHE
AEESEIFFNTHBEMT SR LUEAR) . 2. BMPETELFRNIERAZEIRT S
Ak, REXMERNERTHE#RITHIR, FRELEEREGS. 3. HITIH—XENRRAE
B Mi=nBATERD =2, WABM Parent(X;) — X; BERITIA—. 4. BE, B
TRIAEE. K X FE, 3 X, , 9810 X, WE, FESEXTSNE—H.

B FRAERE X LN L&RSRS 7 IN—2E, EETIRBATAERT RikFEAE, Fi1EHA
BEFRREDSE—I—EHE

14
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O—a O—a
@

O
Q.

Figure 4: Nearly Tree example

Choose a cutset

N
Instantiate the cutset
(all possible ways)

\
Compute residual CSP
L for each assignment )

r '
Solve the residual CSPs
(tree structured)

Figure 5: cutset conditioning

0.16 2. Improving Structure

Tree is not that common! -> Nearly Tree-Structured CSPs

+ Conditioning (#k): SRAIL—EE, SIEBREE.

. Cutset Conditioning (SIERHK): ThlL (BIFFEH) —ATE, HERSNLR
BRI — AR

. BIEKD ¢ BEFRERED O(d°)(n— i), H c RN, BITEEESHR,

0.17 3. Local Search [REEE

Backtrcking search is not the only algorithm that exists for solving CSP.

Another widely used algorithm is Local Search.

FEEFETENCOER I — B EHITHENRE, AEEAMERE— I ETPREE,
HREEEENRAERAIRRIVHVTE, BEIFBEENRER. (min-conflicts heuristic)

Local Search REEBMWARERM

15
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Critical ratio IFFREEZE: XNMEEEMNGE, REASRER .

number of constraints

number of cariables

=MEE (HTH#E): hill-climbing, simulated annealing, and genetic algorithms

16



Chapter 2: Game Trees, MDPs, and
Reinforcement Learning

COMPSCI 188: Introduction to Al

Included lectures

Lecture 5: Game Tree / Adversarial Search
Lecture 6: Game Tree 11

Lecture 7&8: Markov Decision Processes
Lecture 9&10: Reinforcement Learning
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Lecture 5: Game Tree / Adversarial Search

0.18 1. Deterministic Games

Many possible formalizations, one is:

¢ Initial state: s_0

» Players: Players(s) denote whose turn it is

e Actions: Actions(s) available actions for the player
o Transition model: Result(s, a)

o Terminal test (True/False): Terminal-test(s)

e Terminal values: Utility(s, player)

0.19 2. Settings for Zero-Sum Game

RIIZEANGED N 10 73, BE—FTN 1 7, BEIIZIENIKALLE, HEEREIRLIPRESH

< -
/\

Ny

ISEEXNREBEZRES TRBRIMHNRESR (Utility) , IFRIBRSHEE X AEHFIRS
BER&EKE.
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def value(state):
if the state is a terminal state: return the state’s utility
if the agent is MAX: return max-value(state)
if the agent is MIN: return min-value(state)

def max-value(state): def min-value(state):
initialize v = -0 initialize v = +o0
for each successor of state: for each successor of state:
v = max(v, value(successor)) v = min(v, value(successor))
returnv return v

Figure 6: Minimax

HEEIF agent:

0.20 3. Minimax
EF—ME B HIERNHFERBRRMITH, B SRS MBI TRAFIEE S 2
€ =
-
> c. -

-8 -5 -10 +8
— M EIEEIF:
Vagent-controlled states, V(s) = maxycguccessors(s) V (5")

Vopponent-controlled states, V(s) = mingcgyccessors(s) V (5')

19
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13| [12] [8] [2] [a4] [e] [14] [5] [2]

Figure 7: alphabeta

o: MAX’s best option on path to root
B: MIN’s best option on path to root

def max-value(state, a, B): \ Gef min-value(state , a, B): \
initialize v = - initialize v = +oo
for each successor of state: for each successor of state:
v = max(v, value(successor, o, B)) v = min(v, value(successor, a, B))
if vz Breturnv if v< areturnv
a = max(a, v) B = min(B, v)

\ return v / \ return v /

Figure 8: alpha beta code

Lecture 6: Game Tree 11

0.21 1. Minimax Improving
0.21.1 1.1 Alpha-Beta Pruning

Intuion: Minimax BEAE, {BMS DFS B3
Lt 737%: a — B pruninge

REENFA T PERMEEN 2 BFHR, RMFBREERTRES/MINEMFDIRT! A
tame? BAENELEEPRSE/NMEN— N FHREER 2, FRIUFANIE, TeEMFT
RNEZRMTA, PERNMENERSZAH 2, BAX—KRBEHAE, LRITBH—TR R
TRNERETREELAR/NMENE 3 M < 2 ZEMEEE, EBESMAERTORIVME
RER 3, MARFERIMERERE, MAEERRFTHRIERMT 2.

Alpha (a): MAX IIRH “‘RIERE (FERRZINEBER, MAX IRELERENSEH.)
Beta (3): MIN ITZxH “E=PRE]”

BHEIEZRE O(v™)— BT EAK!

if a > B — pruning

20
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def value(state):
if the state is a terminal state: return the state’s utility
if the agent is MAX: return max-value(state)
if the agent is EXP: return exp-value(state)

def max-value(state): def exp-value(state):
initialize v = -o0 initializev=0
for each successor of state: for each successor of state:
v = max(v, value(successor)) p = probability(successor)
return v v += p * value(successor)
returnv

Figure 9: expectimax code

0.21.2 1.2. Evaluation Function
depth-limited minimax: KEBRERF — &E—BIRESEEALFE? Heuristics! In this
case we call it evaluation function!

Eval(s) = w1 f1(s) +wafa(s) + -+ + wp fn(s)

0.22 2. Expectimax
AT NMERABZIAAEEENRANFMEML, FIEETEFRIENSEADIEE LRI
MAERT, EFESEFEN.

XA RT OB AR/ MEARE (minimax) BUZH (expectimax) RFRRo expectimax A
ST RINEEN, ERGRNMEBTAPBESERIFER, MeEERFIER.

TREMRNIT:

Vagent-controlled states, V (s) = max V(s
s'€successors(s)
Vchance states, V(s) = Z p(s'|s)V (s)

s'€successors(s)

Vterminal states, V(s) = known

FELEENARRF, p(s)s) ENBEENTHEMNESBRMIRES s BT o AR, EZX
TERFEMRES s TR o BsHERIRER, BEBURT BRI RS BRI

MXPEXH, FHATAIME L minimax RE expectimax AJ— P45,

0.23 3. Other Game

FENERATEEFFARAIEERRNES, MXEESHAERZIRKILZ BT S,

XEEZ A LA U Z B A NFERI SRR — R Ad, ThAPNARENNTFR
FEERANRENA. AE, 8TEREIHAEETNS MR EERANESRMA,

21
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Lecture 7&8: Markov Decision Processes

0.24 1. Non-deterministic Search

An MDP is defined by: * A set of states s € S * A set of actions ¢ € A * A transition
function T(s,a,s’) 5INT IEFAEMEIERIRIEEME * 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’)

e A start state
e Maybe a terminal state

Discount factor v Sooner rewards probably have higher utility than later rewards!
v € [0,1]

Markovianess: FTIE1Z1%, SIRBAVELFIRTS, BWATEIEHTELTANHRHESZ X TR
FBER.

0.25 2. Bellman Optimality Equation
BARBMNEZARSEN: “Ha1” IKSHIMME, BH KK IRSHNERE XA
Bellman equation: V*(s) = max Q*(s, a)

B — RS s IRENEFTMAXMRESH L, FreERIBFIEMIE o B, BEFERARD
RMBIEIENE (Q*(s,a))o

Q*(s,0) = Y T(s,a,5) [R(s,a,5') +7V*(s")

0.26 3. Value Iteration

WAISEPRIT B XL RME? FINEE time limited values!

XFESEIPRE A & DEBEIZRPRES s , BEREERTN Vi(s) , ERTEREZENIGRAX
AFIRRARLET F MEIZHERT, M s AIRSHRATERA.

FH, XWREE MDP R EIEITREN k BY expectimax BREFMREIFLER
BITATVIT:
1. Vs € S, #19af Vo(s) = 0o XBREMBY, FAMKE— 0 THREREELLLFITEE

KEVERTTE), B ITERSERRR.
2. EELUTEHRMNEZIUEL:

Vs €S, Viri(s) < maxz T(s,a,s)[R(s,a,s") +vVi(s")]

ENEENRIE £ RIEAH, BIVERSMREHEIIRN £ BIERERBRA (k+1) BIE,
KL, HNERAEHENFRERE FrIERN Vi(s) RKERMEBRFRENE FrEH
Vit1(s)) ; ERBNEEA A BRI EENRE,

Policy Extraction
JRIE: MRMFETRE s, (REIZKEEE o , URESRANTERA.
Vs € S, m%(s) = argmaxQ*(s,a) = argmaxZT(s, a,s)[R(s,a,s") +~yV*(s')]

s

22
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Q-Value Iteration

Q EEAR—MitERERRN Q ENESHNEX
EER, BiREEXBRN N PR, iLEERAR K.

Quia(s,0) 3 T(s,0,8)[R(s,a,5) + 7 max Qu(s', )

DB N & (bbon 10 &), HEEas

0.27 4. Policy Iteration

AR 1. EX—MEHREE., XMEERTUEEEN (BERINEGREERORMER, K
YWREWR), 2. EEUTTEEIWEL: * BT LT (policy evaluation) FiT L HEIHREL,
FHF—PREE m, RETEERKRETERERE s 9 V™ (s), HF V7 (s) BIBTERS s FHHBH
B1E ~ BYFTHAEE IR

V7T(s) = ZT(SJT(% s)[R(s,m(s),8") + V7 (s)]
BHFRIMNMASMMEEE T —1M2—81780, BINFTBEERE nax B8R, 3&E, HIMBAILUE
BEUTEFHIN, BRNEER (value iteration) —4, ERITE V™i(s) BEIURR:

Vi (s) <= Y T(s,mi(s), s )[R(s, mi(s), 8') + vV (s)]
A, XFEZMHEELERPBERRE, * —BEHNTE T Haiskes, mMERREE#E (policy
improvement) REM—NEFHE, RIEDSUHERXREIFEEIRENE (values of
states) HTTEREEIZEN, MMAERBX M. BUHSRISRES:

mi1(s) = argmaxZT(s, a,s")[R(s,a,s") + V()]

S

R 71 = m, WEEBRWSL, HANTTUEHER: mip =m =

23
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Lecture 9&10: Reinforcement Learning

F—TR: DRAIRRETIE, LUAFIEU Value Iteration # Policy Iteration ZF AR KR IZ
T2, UHBERSHRLEHIRINENERE,

KRFDRAKXRKRIIER BEME (offline planning) BI—MiF, EHA Agent XJIEIRERKEL
MEMERHBIBERON T, ENEIHERNHEFENMERER, MEREMmEEEMTT
flo

Next: EEHETENLTIZFR, NENISSHE R PRREBIEULEEMAEIIR (DA
UEREAIKARIIZ (MDP) PR TR) . AELAMYF, AEBELMZHRR, F#iEEs
WITIRMEFEWRE, RIENEASECIANEHRSRERSHEN R, BT AX
LRI%, @I RL RGT&RMAREE, AEBANAXMITHRREHEITHALRIRMRAL.

Setup - MARIEE—TD/RAIKREFIE (MDP): - —MEBEE s € S - —MTHES (B
PMRE) A- —NMEE T(s,a,s) - — PRI R(s,a,s ) PATEFH— 1 REE 7(s)

o RHEIE T T R

0.28 1. Model-Based Learning

Input Policy 1T Observed Episodes (Training) Learned Model
Episode 1 Episode 2 T(s,a,s")

C, east, D, -1 C, east, D, -1 T(C, east, D) = 0.75

n B, east, C, -1 B, east, C, -1 T(B, east, C) = 1.00
T(C, t, A) =0.25

D, exit, x, +10 D, exit, x, +10 (€, east, A)

N cD

C,east, D, -1 C, east, A -1
D, exit, x,+10 A, exit, x,-10

H Episode 3 Episode 4
{E, north, C, -1 J {E, north, C, -1 }

Assume:y =1

iR
HER, MERIIEYIRBERESHBRESMRESIRE, RIT0 7 A £ BEES
U, HR T RIKSREI T, T L WSIEBRNTRIN (s,q, ) AMRRZ BIRLIG
LRI, 7SRRI RAIRINIS, BEER YN 7 A & BRSO ERER
SR FRSERE Tenpioits FEER Teupion TR, ALAIBEH MDP, REUToHIRERMBA
o

0.29 2. Model-Free Learning

Big Picture * Passive relnforcement learning: Direct evaluation and temporal difference learn-
ing * EWEBRUFE IR, BEARET—IREE, AELHSEHNIREFFEIZRETREH
B, XERETHR E%ﬂﬁj, MDP BISRESTEFRHAYETE. * Active reinforcement learning:
Q-learning * XL IIES, FIIE AR LUERAUE! E@&Tﬁ&?ﬁﬁﬁ%iﬁ%?ﬁﬁ%%, B
IR RRERAHERM RS,

Regret: —FFAMERERERERMITOIFAIREN S EMSETIEZTEIR AR ERN S0
ZIENES

24
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0.29.1 2.1. Direct Evaluation (Passive RL)

EEE—E, FATTLUBZINAE D BIEIE, BABRSZERA 10, WIKE C 3RIERISIERA
(—1) +10 =9, WK BHBHRERHN (—1) + (—1) + 10 = 8, HtEEASHE NS TSR
RS EMSTHE, WA

S Total Reward Times Visited V7(s)
A —10 1 —10
B 16 2 8

c 16 4 4
D 30 3 10
E 4 2 —2

ES
HVvr(E)=-2fMV™(B)=8, BIE1tL B M £ & » THNiZABHERNE.
XERAAZRNHVRIEBELTFRE C 89 4 &k, BRIEE D HIRET 3 & 10 B9RE, FiRE A
HREBT 18 -10 HER. ARBANE, HEW——RIRE —10 R, SHERESE
E, XTmEHT £ hE

LY EBZHREIEGRE, B M ENERERHEIRESLE, BXMERESEIZIEENEI RN
P, AJLUEEZREAIAINE MR F I BE BB E D F S REMRX N,

0.29.2 2.2. Temporal Difference Learning (Passive RL)

TD Learning RFAMB—RERPFINIER, MARR Direct Evaluation ARFF{E R HIERER S
LEFREIHIRIREL, HAERKBHITFES.
Sample of V(s):

sample = R(s,w(s),s") +yV7(s)

Update to V(s):
V™(s) < (1 —a)V™(s) + (a)sample

HA learning rate o € [0,1], —RZM 1 E1848/1\% 0.

0.29.3 2.3. Q-Learning (Active RL)

TD Learning 3% Direct Learning @ES5—LEFRBENFEIEESEH, LERE T M R 89t
B, NMmBEMMEHRFEIRIEFMERNZER. Q Learning IREBEFIREN Q &, BHFTH
. FIRRENEEMEE. Hit, Q FITL2EFRE (off-policy learning) o

Q FIEALUTEHRMMNAEARITFBR Q BEEN:

Qk+1(57 a) A Z T(S7 a, 8,) [R<3a a, S/) + HZ%X Qk(sla a/)]

- Learn Q(s,a) values as you go - Receive a sample (s,a,s’,r) - Consider your old estimate:
Q(s,a) - Consider your new sample estimate:

sample = R(s,a,s’) + ymax Q(s',a’)
a/
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- Incorporate the new estimate into a running average:

Q(s,a) + (1 — a)Q(s,a) + («)[sample]

0.29.4 2.4. Approximate Q-Learning
Q-Learning SRARAFAKR, HITIURFEREREK:

V(s) = w1 fi(s) +wafa(s) + - - + wnfn(s)

Q(Sv CL) = wlfl(sv a) + w2f2(5’a) +ee wnfn(sa a)

difference = |r 4+ ymax Q(s',d)| — Q(s,a)
Q(s,a) + Q(s,a) + «a[difference]

w; < w; + «aldifference] f; (s, a)

0.30 3. Exploration vs. Exploitation / ¥£% vs. I
« Exploration - B3 E2H{AEITHRGE— PN RENKE, BSRIRAERMEVEE,
« Exploitation - RAZIAFMAIRA, FMRINENRIRILFEIRARRRIITA.

0.30.1 3.1. € Greedy

B e Greedy IRIEEXTEMRE 0 < e <1, FEILBRR « BHITEIHRR.

NRA e EET —NMRANE, PBAREEFITRICKEBZE, REBDAZIUENSG T
Fo B, A e EBFETIRINERKEAERROHITRR, MMSR Q F3 EEAH
EENFIFE) FEREMFIRMRE,

AT RRFRXANEE, HRFHERE « FHEaEERHEEREL EEIER.
0.30.2 3.2. Exploration Function
Qs a) (1 = @)Q(s,a) + - [R(s,a, ") + ymax f(s',d')]

Hep f RARRRY KHRRREE—ENREY, ERERNEREMER:
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Chapter 3: Probabilistic Models and
Machine Learning
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Included lectures

e Lecture 11-14: Probability and Bayes Nets

e Lecture 15&16: Bayes Net Inference & Sampling
e Lecture 17: Decision Networks and VPI

e Lecture 18: HMMs

e Lecture 19: Particle Filters

o Lecture 20: Naive Bayes
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Lecture 11-14: Probability and Bayes Nets

0.31 1. Probability Recap

Conditional probability

Product rule

P(z,y) = P(z|y)P(y)

Chain rule

P(X1,Xa,...,X,) = P(X1)P(X2| X1)P(X3| X1, X3) ...
= [[P(Xilx1,.... Xi1)
=1

e X, Y independent if and only if:
Va,y : P(z,y) = P(x)P(y)
e X and Y are conditionally independent given Z if and only if:

Va,y,z: P(x,y|z) = P(x|2)P(y|z) X 1Y|Z

0.32 2. Bayesian Network Representation

E.g ZE—MRE, HRZ(BNTETTHFIRBHEZE:

B: Burglary occurs.
A: Alarm goes off.

E: Earthquake occurs.
J: John calls.

M: Mary calls.

MRS E RS YRES 7 R E T R Z BB R AIRIL X R

HENET R ZERNEH A EREXETN R ZEFETHENRARXR, HASKELTEZIE
WABE R, ERBRRMET RZEBIAJREFERMTXR.

0.33 3. D-Separation

TFATMEXRTZMNERT, TRER4 MY FEFFAEHELET =, (ATLUXEIRE . WFW
KHRNER— TR, —BER(AETENRE “‘BIZLR (KTR) B9RE, BAEHFRE
“EliE LR o “ERREL (BETR) BHAARES, MEBHELEXEET,)

0.33.1 3.1. Casual Chains ER§HE

UE—TMHEANMTRARNERE. ERAT X, YV M Z NEKEDH, ST

P(x,y,z) = P(zly) P(ylz) P(x)

BATAI LU XFRIFRA . X 1L Z|Y, BAE—T, XWHFAMIUIMERE:
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BRRERENESTIMREN, EiRMEE, FH Mary 1 John ITRIERELITHEIE.
IRTLAA PESGRRIX KR R,

Figure 10: Bayes Net Example

X Y Z
Figure 1: Causal Chain with no observations.
X Y V4

Figure 2: Causal Chain with Y observed.

Figure 11: casual chains

29



COMPSCI 188: Introduction to Al UC Berkeley

X /

Figure 12: Common Cause

P(X|Z,Y) = P(X|Y)

T SGERR M
CP(X.Zy)  PUZPWX)P(X)  P(ZPWX)PX)  PEX)P(X)
PRZY =Dz ~ S Pan?) - Py s, POl P@ S, Pan)Pa) W)

0.33.2 3.2. Common Cause ¥[RER[EZ

UER—THEITRANNEARE, ERAT X, Y M Z WEKEHH, WTAHAR:

P(x,y,z) = P(zly) P(y|z) P (x)
B2, FNTATUSEXENERR: X 1L 2|V, BE—T, XHEEMIIEERE:
P(X|Z,Y) = P(X|Y)
AT LUERAX MR EN T
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Y

Figure 13: Common Effect

CP(X.Zy)  PEWPWX)PX)  PZyPGIX)PX) | PWX)PX)
PRI =57y = S b)) P S, PunPa) S, Palnp@ )

0.33.3 3.3. Common Effect F4ER

0.34 #F#bzE!!!
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Lecture 15&16: Bayes Net Inference & Sampling

0.35 Recall: Bayes’ Net Representation

« BMEIIFE]: Directed, Acyclic Graph, DAG
o« AT RIEE— Conditional Probability Table, CPT

0.36 1. Inference HEHf
0.37 Inference by Enumeration %%
0.38 Variable Elimination T=E&

Idea: Z M HMRIRRELT =

Procedure * Joining factors * Marginalization

0.39 2. Sampling

Approximate Inference by Sampling — faster!

0.40 Prior Sampling FcI&RH¥

Generating samples:

n

Sps(z1...xn) = HP(:Ci|Paremfs(Xi))
1=1
X RIMEIFFT BN FARIENER SR D Py, ..., z,) — — 3%
BT BENEH 2.2, HIBORE Npg(21...2,), BRUUBHERE N, RETHXDEHAIER
:

(#1.-2n)o

. ... Nps(z1...7)
R

0.41 Rejection Sampling IELRKHF

B SEIFHEE P(QIE=e¢)
BIGENMTRTEUTRGHE (IEW):

P(C = True|R = True)

BRIRFAT—HHITT N = 1000 RFIRE, HRRE Nyceepr = 300 MERIER (BI R = True)o

EMRKEX 300 MEREFEAR: 72X 300 MEERP, BI1HIT C = True HIMT Ne—1rue = 200
Ko HITER: N 200
~ C=True
P = T = T = — = — &Y .
(C = True|R = True) Naceopr 300 0.67
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0.42 Likelihood Weighting {MAZANNIIRKH¥

B#r: P(C|R = True)
SXIFIHET 2 7 HITILIREE:

l
Swes(z,e) = HP(zi]Parents(Zi))

i=1
AFAMERITIEHEE E# 1T RIFRINE:
w(z,e) = HP(ei\Parents(Ei))
i=1

—HEE:

l m
Swes(z,e) - w(z,e) = (H P(zﬂParents(z,-))) <H P(edParents(eQ))

i=1 i=1

0.43 Gibbs Sampling

BT BRR LW MREERE (REEMA T AAF TS R

SR INIBHEEEHITIRGE. - 161 MV ARMEIRHEEE 2 = {21, 2, ..., Zi}
MWF—PHIEE, - B (ERFED) . EEUTIRE N R BHBHAEIRHERE Z; < Z
- BERFARE . WTREENRE Z;, MENFHEMEDTHRE—THIE 2, XTFHE
AEFTA HMT & Ya RS G IEHEN 2,

Zinew ~ P(Zi‘Zl,...,Zi_l,ZH_l,.. .,Zk,E = e)

- EETIAES . BFRVE 2 BRIBME 2o
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Lecture 17: Decision Networks and VPI

0.44 1. Decision Network

MEU: Choose the action which max(expected utility)

0.45 2. Value of Information (VPI)
o ZOBR HEREGHIEE (ER) HMNE.
o EX: EEMERBRTRIERIEE £ Bi7oh, MEFIEMITE, FriERe MEU BFiHA

3.
VPI(E'|e) = MEU(e, E') — MEU (e)

0.46 2.1. Properties
o Nonnegative

o Nonadditive
e Order Independent

0.47 2.2. Imperfect Information
0.48 3. POMDPs

o MDPs have: S, A,T(s,a,s"),R(s,a,s")
o POMDPs add: Observations O, Observation function O(s,0)
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Lecture 18: HMMs

0.49 1. Markov Models

. BEFEN—RITIUNEHITHIE (W0 X1, X,, .., X)) — Need to introduce time (or space)

into our models.

0.50 1.1. Definitions and Properties

Transition: P(X;|X;_1)

o Markovness: 28 HAPRE (X;), SEMAKRZMIA, S IBIED NKHTRI—EFiEY,
o TR (Stationarity): ¥ISEERIEFEEEZERN.

0.51 1.2. Mini-Forward Algorithm
0.52 1.3. Stationary Distributions

o SIRRIKRERAZWSAEIN S .
o WTFARZHE, KREDHIRIULTINGEST, BPBDHHRMINRE

Poo(X) = Paoy1(X ZP X|x)P,

e.g. weather
Py (sun) = P(sun|sun)Ps(sun) + P(sun|rain)Px(rain

(rain)
P (rain) = P(rain|sun)Ps(sun) + P(rain|rain) Px(rain)
Py (sun) = 0.9Px (sun) + 0.3Px(rain)

Py (rain) = 0.1Px(sun) + 0.7 Px( )

P (sun) = 3Px( )

Py (rain) = 1/3Px(sun)

Also: Py (sun) + Py (rain) =1 = Py (sun) = 3/4

Py (rain) =1/4

rain

rain

0.53 2. Hidden Markov Models, HMMs

o MERMSREKEN T EEREMNEEHRES0EEARARELA
« HMMs: K& X ZF2E, WNREELE F

0.54 2.1. Definition
. WMEDT P(XH)

o %8 P(X)|Xi_1)
o XN P(E;|X;)
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0.55 2.2. Forward Algorithm

o BRI/ N (Filtering / Monitoring) £33
. BIRBEENEAREELEIEHN (Online Belief Updates) , EESMTEFZENEST MmN
FERME: BHERE (Ful) IEEEFH (W)

BB 1 HEEREE (Ful) FREFRHEM) EREGTRIIEE ¢, 281, BATERIEDREIXE
BIRE, B E—FRER P(Xi—1leri—1) “HE” (pushed) TEMIER, LIFUNHEFIBTZ] ¢ BIRTE
2% P(Xiler—1)o

P(z¢ler4-1) ZP xi—1ler—1) - Pxe|zi—1)

Ti—1

SR HEEH (W) EHRMR, BOFHEEMDE)

P(zilers) oxx Plxileri—1) - Plezt)
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Lecture 19: Particle Filters

0.56 Recap
e Markov Models and Hidden Markov Models HY45%4

e Inference
— Exact Inference: Filtering

0.57 1. Approximate Solution: Particle Filtering
SRS T0E | X | FTAREELE (VB AMUERESLIR), BEEERZE (WaimEE) 8
170 MTFIRERMET —MEIMRRG 2R,

0.58 1.1. [AI8

BA—1MEE N MIF (FF) BIIRFEMURTOE P(X). - B—THHENES N szt
KRo - BERNTFEREESHERM,

0.59 1.2. =$E
a. BHELR# Elapse Time 81T » RIBEBIRE P(X'|r) REET—MIE o/

2’ = sample(P(X'|z))

b. E Weight MWE ¢ EEER. BMF » RIEASIEEN—BMERE T —ME
w(z) = P(e|lz)o (HLEIFAEREFZAERMKIEN (downweight) , ENTRINESHNAEZ 1)

c. EFR#¥ Resample MEFIBVIINAE R D R ERMIHEL N OR, 82 —HpIEINRAIFo
WNERBVRLF B A AT REBOET,

%E:JZEUH_%O
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Lecture 20: Naive Bayes

0.60 1. ML

ZBIBERD E XN EA E R RIREU M HR M BVRER,

MBEFIBXTIMAIMEUESRE R PRIVER, FIRNE: RERENERE) 85 - ¥I5
(B, FIWMRK), - FIEH (FM, THERMEE). - FIREHAS (Fla, B, Ha
RI£R) o

0.61 2. Classification 93ZEES

ZOBR: BERN o, FNERE (K5 vo

0.62 2.1. Model-based Classification

BI—MER (BN HERLR) , KabimS M ENSESB AN EE,
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