CS 211: Introduction to Al
Lecture 1: Agents
Agents and Environment

1. ZHHEAR Agent N 53A3552 H.:  An agent perceives its environment through sensors
and acts upon that environment through actuators.
a. 435 Environment: Y HE/K Agent Ak 5L,
b. fLJ%LE Sensor: R HER Agent [)—#4), is affected by the environment and
sends the state into the computations as a value.
c. PUTES Actuator: FHHEMR Agent f)—#B4), whose state can be set by the
agent’s computations and affects the environment.

2. FREIR Agent WA W 2R : B REAR Agent 7EARARTIT ZI AT 9 SREEL - Y 2
1 built-in knowledge F15¢ %% /& 517 1] the entire percept sequence observed to date.
Agent ASREHE T ABEEN B 45 BRI

a. J&AN Percept: f5/E2Y Sensor H2UL [ A %45 the content an agent’s sensors are
perceiving.

b. KT Percept Sequence: FTH HI/E A Percept JJ7 5 the complete history of
everything the agent has ever perceived.

c. FHEAKPREL Agent Function: 5 X T Agent £1' %7 every possible percept
sequence ITKEUNATH) . B2 — DU, A TR iR TR £ 1
TN H TR

d. B RE/RFET Agent Program: produces agent function. ‘&1z 17T 7E 5 AR THHE
ZER b, BUBIERAR RN, FEAE U REAR AT S

3. B Agent 4 iifE

ngent Sensors

‘ Percepts

()

|

\ Actuators

JUSWUOIIAUY

Actions

4. Zf5] Example
a. Y Microwave Ovens



b.

i. Sensors: URJEMEEKA R EYRNEE . IBERES CHBEY<
TINRGERO 1T FAR KD R b T 12 15 ¢ D il alidd el
SN ORI PN TR e A 50

ii. Actuators: Tl KA (HT MG, B 5IE (e EYLs
PO, BoRbE (GR7RifE. BEEE) . AEEilk GElunis
RFERE D

iii. Environments: iy WE ORE EYIRZS1ED . JA B b5 3858
(RTRESZAM 4, wIFT). A=), HPEH (P 3RE 'Y
IOFAE TR FIAR O 6

Fr G Chess Al

i. Sensors: BEEHUHARRE Gl H - 1fr ED

ii. Actuators: THESHEEE EHEE EPATEHBIE

iii. Environments: single agent environment (AI X}/ AZEHT ). multi
agent environment (Al 5 AIXFER) . SE&TTWMIAEE CEMNADIRES
XX ER AT LD

Good Behavior: The Concept of Rationality

5. PEVERRE{AK Rational Agent

a.

b.

C.

Rational Agent s& il IE#fi F 1 right thing ) agent. HAT A& E4:
consequences T o

PERESE & Performance measure: T VAL BEAREA I TR A
performance measure evaluates any given sequence of environment states. J<JE4T
HIEHPRE, MR Tsh A .

B REAR BT 2 B T X IR B B 2RSS M SRV B, 10 AN 2 LA 1)
TEh TR REWRAE : RATREIENLA NS e s s (Blan, e
I AR Hadtibial, @RS . IR A R R A HIETE RO,
bE 5 1) & 5 A8 4% B R R

6. DY v g B BEAA PR 25 Four factors that determine a rational agent at a given time

a.
b.

C.

P4 BE £ & Performance measure: defines the criterion of success

B RE AR PSS A S5 56 F01H Prior Knowledge of the Environment: £ BEARTE
ITAESS T, NIHRCAR T . B, —A 3328 5R 4R 2 RE A IE M
08

B HEAR AT AT AT 3)) Actions that the Agent Perform: % GEAKBE W5 HAT I AE
£45, Blsh. WA, IEEE.

T

d. B REIKIERAIF 41 Percept Sequence to Date: 1 AEARIZ 4>y 1E A B () T I

o

KA, RIE T ER AT A B



7. PEVERTREARAIPRHAE: For each possible sequence, a rational agent should select an action
that is expected to maximize its performance measure, given the evidence provided
by the percept sequence and whatever built-in knowledge the agent has.

a. FRRNIZE T HRAFIMEH MIREFER YR KU EREERITS.
b. #A)TEYL, BREARAZBENTE), TR CAE B R R
8. ZEW: WAL AU{EE Rational ?

a. ZOirEse: Gk LA NSRRI IS, AN AU AT R 2
FATAT LASG B s AL RES (AR ARAG I . MR RN PREERRED, AT
PR ARl W E . B2,

b. Improved Sensors: KL, BEMSATIHL AR AN IR, WA A KT
“PECELCFF . XA AT DR SRS BN ) X g, PERGAL RS, IR
FH e EE, WAL, SR SRR

9. EPEFI4%N Rationality and Omniscience

a. PR Re AR IT AN TR ELRNTE T AR ] e R AR B S A R DR .
Rationality does not require Omniscience.

b. Omniscience is impossible. fEM S Frfr, A B REIAREE € 2 R TG 5
B, B se s A BedE T O AE B AT IR RS

c. ZHIFEESR Omniscience Agent: An omniscient agent knows the actual
outcome of its actions and can act accordingly. %13& H & A 17 8l I 1) 45
PRI AT A58 64T 30

d. Rationality maximizes expected performance (3&T 27115 M BT |
while perfection maximizes actual performance (F& TR KA 7] GE )45 Rt
H ek, (XA |

10. 15 B4 5 B £ 1% Information Gathering and Autonomy

a. Information Gathering: Agent A] VB PAT HELAT R RIR RN, MM 3k1E
H2EE. XEE BT LI E) agent L4k future percepts. i1, —MHLAEA
AL ES# ), DMERAIE 2 MHEE R, mARESERAEERmA.

b. Autonomy: —/NEEMER] agent N1%s2 H F ) autonomous, 1A Z MK SN
NGRS . IX R agent MAZAEWS WA BT 52 3], T AN A2 58 2 WO
BEEMIFEN . Learn as much as possible from what it perceives and gather
information.

The Nature of the Environment

11. B REARTT PEAS HEZE
a. Performance Measure is a Trade-off: Performance Measure & 5E | & BEARI H

tr, 1BANE Hbr2 8 n] BEAAFEALES Trade-off. i, #ERER)AH ., &



MEKRITEAE . ATREIS[A] BAS . AZIEVERL. oK etE . IREETESE
I S5 5 o
b. Environment Varies: & RIS /T MG IFARE E, M2RIEA 52N,
PEsk T 2 . AP IX 2Bl 2 A 2 0 AN R R A 5 2 2 e B B AR 1 R SR AT
Bl AN o
c. Actuators and Sensors Depend on Environment and Performance Measure
L. fEAZNEB RS, YR AR RE R ER A Sk B IA A Sk
[RIEERE RS, 2 A 25 B AT BE 7 B 5 ORI AR Gk S IR X b T
i, FEMRARALE A, KIRTAR b5 2 75 25 s rh R s 25 B A R o /)
Ry E AT e R 75 ] B AR S AR N BE LR B 15 2
12. B BRI 55 255 Task Environment: Task environment #& agent 1817 21528 H
PREIEE . 9 T A —A> agent, B SRERFTREVELNMLE ARSI, H{RE RE
LIZEREEZN 1 A B ey (o
13. fE M 1B 4EJE Seven Dimensions of the Task Environment
a. SEA RTINS 4> T W Fully Observable/Partially Observable
i. SE4 AW Fully Observable: Agent GEMEIRENIA IR 1) BTG FH 15 B
filtn, [H bR R, B BT (S SRR Re kT W, AR RS ]
DU A S HH B S R HE S, TR B4R mT DL B R AU AT
3. BEEIEATEELE WECIRES, RO A L EZ 115 BRI DAL
ar R L
ii. 5 AWM Partially Observable: Agent HGEFRAER T IMIEE R, &
BHEWTBRIER 7o B, B 3E R ZE ] RE R RS CIEE
BIFTA RO AR N BERAGT B B, A ZHOB A RS
BBAZ R BEAT TR
iii. AT Unobservable: U5 RERBA AL IRAS, A PAEEXTE Rl
2 e AT X RS B R LR A BOIRES, At ek
AR
b. FREREIR/Z B HEIE Single Agent/Multi Agent
i. FRHE1A Single Agent: MBI A —A Agent BHATHRHE, M1FIEK

G
B
G
B

Ha LR A28 .
ii. ZHE/K Multi Agent: 24> Agent # H.520, U1 H 3 2 B 459 75 22
Z e HAD R AT NI @ F

c. HfaE ME/AER € 4 Deterministic/Nondeterministic
L et EEARNETEOL T, R ReAATT CAE I e B i a)
1B, DU R MERE VP FR i . 450 MATIRES AT, T IR S M
—ER . BN, fEaElER (EFRRPD.



ii.

AERfEE: MFEBE T RE S A FRRILIR, EE b TIAER AR %
Rz B, BB RA RSN AR AN 5E IR BLggk
B (R AT, LB BN (Stochastic

Environment) .

. B Bt/ 7 4 Episodic/Sequential

L.

ii.

B Bt MEAE S5 Episodic: REMRSRHGZMALET, AR RIRES . 4
i, B ENLEE N R TR AR, A0 2 3.
JIF AT 55 Sequential: M FT RIS M ARKIRE CHFH in
series)o a0, [EFR R A YETE T fF LR .

. HRA/3)AS Static /Dynamic

L.

ii.

1il.

L.

ii.

FRAHES Static: MBI A ZBENT RIZEM, A B R IAT 320 A
BOIRAS . filan, HEFIHEK .

BNAMEE Dynamic: HMEE 2B [ 224k, B REARASRIUT B .
i, EE) R ) B AT

F B SIS Semi-Dynamic Environment: IAEEA B AR, (HE REK
[#) Performance Score 236 N IR 2R . i FH T~ A 6 B BEAR AT A B
BRI, (FHEREI/EASERAR L. WinElR
g, WAL, (RGN EAL, HHEMLE, &AM

. B EUIEZE Discrete/Continuous

BHUASE Discrete: IR BRANFISIEAS & ZHUY, WEPRGAH,
AT T E R 3 U7 2.

HELEIEE Continuous: RASMIZNVEZIELEN), WHINERE, M
FEs . s S A .

. VR0 Known/Unknown

L.

ii.

1il.

1v.

CLRIIAE Known: B REMRSES T AEASEHI RN, BlanRBL AT R
FER .

ARAIAEE Unknown: B BEMR 7 ZLIRZR AN A D305, IAnJE AWLAEAR
ySbLYIAL LS SN

EHAEAET A ZEMM: WA — DI O, B Rkl
A BRI B PR A EIRAS o EEInARRERR,  Tu ok vl RERNIE ek
RN, ABA—5E REE BT FhE CRIASERZ A al LD .
REFPIRAET AT RPN R A, B REAATI IR AT E
REME WL 2R BE 58 7> B4 RS . BBt sk, B n] BEANIE &
PeARALH] OREIFAED, (B A LB B Bt 5 Cap i =4
5.



The Structure of Agents

14. B Re/RFE 7 5 220 Agent Program and Architecture

15. &

H

a. R BE/AFEF Agent Program: Agent program f&#4 % rational agent [ cfE, I
& FAE T 5230 agent function, B[ Percepts B4 ] Actions.

b. FHHEARSEN Agent Architecture: Agent program iZ1T7E Agent architecture

F. Agent architecture i ¥ /& — M5 &4 computing device, Hi# sensors

Ml actuators, FH T AL I RIUT S

Agent = architecture + program, X &R agent HEF (BEH) Rl (F2

) SLARE R o

e

REMARE A2 B H 1 BLAR S
a

. Agent program J& agent function [\ LAKSLIL, agent function f&— 4 A
&, HEET entire percept history fif tH ¥, HA A2 entire percept history,
VB R e BT 245 B AT ¥R . 1T agent program 1 3& T current
percept, HAEVIBME(; Fig T, FESCBRMN Y, Agent Program W] g2 ffi F
B = 80 U7 KB I Agent Function,  BE AN 3 T 24 A &%
b. Agent program Fll agent function %] L 411 R

Agent program Agent function
#& agent function ¥ B4 SEH AR, g ST I FRE A2
A7 Bl 4 S L
f:Percept History — Action
FEVIPERELE, HmiE Agent e MRS
architecture F121T
takes the current percept as input the entire percept history
Agent Program #& Agent Function FJSZIL 730, EisfT MBI LM E, it
HIFA T & Agent Function THAMIAT M. TESEBRM A1, Agent Program
A] BES 5 BE = 30 U7 KB I Agent Function,  E Ui A T 24 5 80

16. # AEAR A A2 2 Different Types of Agent
a

. TR RS BT BEAR Simple Reflex Agents: S ARYE 241 percept i veik, 1M
AN B LR RSN ELH FORAS . B BT AA-BERM Gif-then rules)
I ReAR, BNt HBh ],

b. TR R I A T BE AR Model-based Reflex Agents:  Z4EH— AN P EBIR A
(ModeD), FRFRMUEIMPILAELR, MMMHEERMRTE. Fl1: &
R, EAMURA YRR, S0 il PR & .

c. T HIrHIE REMR Goal-based Agents: A BHIAI HAr (Goal), % HEIRTE
MR SR 22 WA sAE B bRt . B+ BAARRIEEL, mA* 5k, ©
ETHFRIRES CHIHD REHFEAT3),



d. FET T EI B BEMR Utility-based Agents: [ 7 Hbrz 4h, 48 [ Utility

Function SR &5 M AT REIRS IR R, M keg. w1 A
EIRE, EAMCERUAT RIS H P, B2 PEEATRIN R . JhFE. %4e
MEZ IR,

o) BB BEAR Learning Agents: I8 5SS B AW 7 S AL o3, 1@
f3 7 Learning Component. f¥: 5845 >] (Reinforcement Learning)
%, Wl AlphaGo.

17. 1] B e 5 A B B A4 Simple Reflex Agents

a.

C.

The simplest agent: Actions are relying based on the current percept. The percept
history is ignored

SR R SRS L 21 percept, PRI TG TG B K SAAR AL A 55
Bt SeELE A R BEARYE DI EE IUETED, AL EZATHIG

S

Agent Sensors -
What the world
is like now
(ws]
=]
é.
§
\ (]
=
That artl -
( Condition-action rules >—> \“h‘l)‘:]ld":lg(::”l)'
Actuators -

Pseudocode implementation: X~ Simple Reflex Agent {¥ A& #& 24 A7 1] percept
YER SR, T AAEEIL 210 percept history, [Kbe Rag@EH T fully
observable environment 1 T.E. WIERIFIF R partially observable, ‘£ #lA §E
VER R LR BIAT Bl

function SIMPLE-REFLEX-AGENT( percept) returns an action

persistent: rules, a set of condition—action rules

state <— INTERPRET-INPUT( percept)
rule <~ RULE-MATCH(state, rules)
action < rule. ACTION

return action

d. Deterministic Simple Reflex Agents and Randomized Simple Reflex Agents

i. Deterministic Simple Reflex Agents Jl & X 48 [ it SR A0 485 H AR 7] Ao
Ho



ii. Randomized Simple Reflex Agents 1] B 7E H L~ RIE LT, b
W WP AEM R R IGE (e B T EEAHFBhE).

18. J: TR ) e 5 A 2 g/ Model-Based Reflex Agents

a.

Keeps track of the part of the world it cannot see now (unobserved or partially
observed environment). Maintains some internal state that depends on the
percept history and thereby reflects at least some of the unobserved aspects of
the current state.
2R BB 2 174i% percept history, PAMELEMR IR FRE 2 BTER . EHT
A PTMEEIA S (HE5 Bk B REE I B R B0 .
Requires two knowledge
i. Transition model: 3KH{ how the world changes over time FJ{5 5. X
i 1 agent ¥ action QA 520 P8 DL K BAEE 40 A B ST evolution.
ii. Sensor model: #fHX the state of the world 4[1{a B4 21| agent ]
percepts. FAEARIEIL sensor JEEIIAIE 1) 77 A HZ AR P s .

= M

(' How the world evolves }——m| What the world
is like now
What my actions do

JUSUIUOIAUF]

Y

. . What action I
should do now
@gent Actuators =

Pseudocode implementation: AHLL T~ Simple Reflex Agents, Model-Based
Reflex Agent ZE47 W HUIRAS, W LAFERR 73 PTMEEIA LS NI4T . 183 transition
model 1 sensor model, & GEART] DAHEB ARG, 10 A AR 1 71 Jk
Hlo FHEIENME, REALBETE SRR

function MODEL-BASED-REFLEX-AGENT( percept) returns an action
persistent: state, the agent’s current conception of the world state

transition-model, a description of how the next state depends on
the current state and action

sensor_model, a description of how the current world state is reflected
in the agent’s percepts

rules, a set of condition—action rules

action, the most recent action, initially none

state «— UPDATE-STATE(state, action, percept, transition-model, sensor_model)
rule <— RULE-MATCH(state, rules)

action < rule., ACTION

return action



19. 2T HFRHI R Be 4 Goal-Based Agents
a. Knowledge about the current state of the environment is not always enough to
decide what to do. An agent needs some goal information that describes desirable

situations.

b. 1% agent 4> search Al planning — R 54781741, PLSLBIEERE Hbr. X5
simple reflex agents AN[A], goal-based agents =75 [EK IR K. AL, XFhH
VETTRE less efficient, KON ZEMRAME, HZ2E DL flexible. HRHSTH
SRR B AR, T URE A AR AT 12 0.

e ———— ~
’ o o Sensors

~

Ny
Y
What the world

CHow the world evolves is like now
What it will be lik
(Whal my actions do i? ll 1(;: ;Cﬁt:)en 114 ¢

JUQWIUOIIAUF

\J

What action I

.GOd]S ®1 should do now

u\gent A \ )
ctuators o

20. FE TR A & BEAA Utility-Based Agents
a. AXSGRE H s T BETCIRAE B A h A il AT 0. HARIRBERTZ binary
Xgr, B HBR RS2t it/ R Mo wH IS A, T A E A [l 158 1 o &
Utility {3 T quality of being useful, AMUAUE A& TERLH AR, MM EA

[l m] g

ZERMS

b. A comparison of different world states according to utility can make an agent
more rational.
c. Utility Function

1.
ii.

1il.

1v.

The utility function is an internalization of the performance measure.

SO R BN AR BE B = ) — 301 agreement: % BEAAIEIT maximize
utility SRFEm BERR AL, TTAE TR S B 5 B

Utility-based agents L #.46 [f] goal-based agents . £ B 5 (& N4, AT
DASE R b 2 2] FFA AL Do

M2 HER R A Ph RS, utility function 7] LA tradeoff, #5B)) agent i%
P TT %

Agent 1] LZE525 FE the likelihood of success Al the importance of the
goals, T AANSE fi] B AT H bR ik p”



d. HRIEZELE uncertainty | 34T Y
i DUSCIRESAEAE i AN B 1, agent 75 BLAEANAA E PR T M HS Sl o
i
ii. Agent BlE: TR RESE R BHMMBER, 115 expected utility, i%
BT X — R R HIE a  KARSRPE (InZe o
gt TR
e. Global Rationality/Local Rationality: fERZIIEH, B EEARTCIEIH AT A AT
RER) 4 R AR, T DL 2R R BRI local rationality, B[ T2 {5 5
Y AR R SR

/ . -
S Sensors
\
\

V\}hat the world
(How the world evolves is like now

L]

What it will be like
if I do action A

._>~ : How happy I will be
in such a state

What action I
should do now

Y
Agent Actuators

21. 22 2] BB BEAR Learning Agents

a. Learning allows the agent to operate in initially unknown environments and
become more competent.

b. Learning {f agent REEFEWIAG R AN IR IR, FFBEE I RIHER A B =&
H S eI AR Ko IR AP 2 1R B R AR 7E PR 2 P B 2 2 B A A B G
NEEL, 41 Reinforcement Learning 5%, H & M Al R4 -
c. DUANZHEGH 55
i. Learning element: 15750 agent (IR . BT AR 50040,
# agent BN IR BN, (AR AR A R S b R I 4T
ii. Performance element: 1177 selecting external actions. Z&T- 4[]
percept Kk E KA actions.
iii. Critic: 777 sending feedback to the learning element. AN E.#%5 1
actions iE %, (HZ2FEH) agent BARWILL R U1, MR FF 2200t

iv. Problem Generator: 175 suggesting actions that will lead to new and

CWhat my actions do

JUOWIUOIAUF

/

informative experiences.



Performance standard

=

Critic ~ |[=#—————— Sensors —=
feedback -
' Y 2
changes S.
Learning [ ™| Performance 3
element jeg—- element =
knowledge =]
learning 4
goals -
Y
Problem
generator '
Q gent Actuators -

d. Learning is a process of modification of each component of the agent to bring the
components into closer agreement with the available feedback information,
thereby improving the overall performance of the agent.

e. State Representation: Agent 7£ %% ] i 2 Hh s F RS R 7~ 77 3K State
Representation, FZA3E =M AR KR TT%.

i. Atomic Representation: FUIRZA— MR BT, WA WL
ANREVT A B ARSI 750 75, B Refk R pe A T ARSIk . &
T B B B e s i A, ol an Bh e B T AR (Lookup Table) [1)5&
Wi 21705 wl: EBR R — M EEDRESBRIT A — B — R
SME, AR 0.

ii. Factored Representation: KRS/ AZNMEEBEME, BB
H—ME (AR B8 B &5 VPR RRIRAE RN %
JEA R PR FFE, AR EARS . FEESIEHF, —MRE
AL 2 AR R, flan: B (GPS Abtr). #E (km/h). 58
BATIRES (ayg/3) . FIRBIEWES CGUED.

iii. Structured Representation: (RN @M, AR KL HK
R, RHEERAF R VSR NMES LT, —AN B RIFPIRAS AT LA
FTorN: MR (R BT 7). KR TP ERTE W1

U S DR

(a) Atomic (b) Factored (c) Structured

mII....
OII....




f. 15 3R/ Representation

L.

ii.

1il.

JR## 7R Localist Representation: 5/ME S ERXF B — AN B IR A7 i £
g (U & U N AP B, FF HAZAF i R oo ME— s LR s i

. one-to-one mapping between concepts and memory locations

34 7R Distributed Representation: 734 K /n & fg — MESH £
MEFEHTT (nAsigese) KEGY, IF LA ool LUR N
HTZ &3R8 . the representation of a concept is spread over
many memory locations, and each memory location is employed as part of
the representation of multiple different concepts

Distributed representations are more robust against noise and information
loss.



Lecture 2: Uninformed Search

Agents that Plan Ahead

1. e B se A 5 R 3L & G 44 Reflex and Planning Agents
a. Reflex agent: HR¥E current percept EFATEN, FIRESfEH —Lid1Z. TRER
AR CAZ B TR AL . A EARRAT NG R, N consider hoe the
world IS (K41 percept) .
b. Planning agent: & what if [, HIZEEAFEATEMRBER, AR
AR 24 AT ) percept {4k %€ - Must have a model of how the world evolves in

response to actions and must formulate a goal. Consider how the world WOULD
BE.

i. Optimal planning: £ CANIAEE T, FHRAAERATINFF U AL B Ax
ii. Complete planning: #fi{R A W] B G OLERH 5 18, FHHREIEH T
B R BIAT BN P51
iii. Planning: % BEARIERATAES Z A H 528 1)K
iv. Replanning: UIRIMETR AL, B EEAR RN W RETHRI FEE BHT I 1
o
2. Search Problems
a. A search problem consists of:
i. State space: & X | —ZHAIRERPIRA, agent ] DLTEIX EOIRAS H 4L
o bz G NRIER S, WA state BoRWE G AEREANMLE, S
FE B AN R B A2 A0 H
ii. Successor function: & X — state WA % #2155 — state AR
m. w45
e Actions: HAALFEE N B[R =3 E.
o Costs: FFNBMERA, ozt LA, 83 E T L.
iii. Start state and goal test
e Search problem 75 % —/N BT start state CEeA] A7 B
o Goal test FH T-HIW /2 5 2k HARIRES, BPHR2] A @
solution.
b. Solution: — solution & —> action sequence, B—~ plan, BE#EI agent
M start state % 4. 2] goal state. H 523K B %1%, B action sequence ]
cost Mk, FH A IIAF] goal state.

c. Example: Traveling in Romania



» State space:
« Cities
* Successor function:

* Roads: Go to adjacent city with
cost = distance

« Start state:
e Arad
* Goal test:
* Is state == Bucharest?

¢ Solution?

3. World State vs. Search State

a. World state: HLEIREHHI PG, LIRS, BN, BYAESE. &
AT amiA s, EASH TR (FATREFERZILRER). T
w, ZE NWHERTTH, GFERE. R, 1. AN ESS. The
world state includes every last detail of the environment.

b. Search state: S PLREAXF plan A HKME S, HEEICHLTNT, il search BHHEZE,
it abstraction SRR VIR . HLWITERSARF LI, FRATHLIZE NI
B, MAHER RN E . A search state keeps only the details needed for

planning (abstraction).

4. PFh48 2 ) B Pathing/Eat-All-Dots

a. Problem: Pathing

1.

il.
1ii.
v.

V.

States: N HRENZ A (xy) AR E .

Actions: [ 7R PEALFEE)

Successor: REMENMEHLENZ LB RHT I (x,y) A E

Goal test: T M2 & NA A Bk H A7 & (x,y)=END.

R IXAN AR SRS, R OGO aar D RS B 31 26 51

b. Problem: Eat-All-Dots

1.

ii.

1il.

1v.

States: AMUFEEIZE NS, Wil XM T4z 7 (i
Boolean 78 )

Actions: [ 7R PEALFEE) .

Successor: "z G ANFENBIHI(x,y)M & WRBEBIH S FIH )T,
ZFHJ Boolean A% A false.

Goal test: &2 B HTA T ANz (T dot booleans 42 2H
false) .

el XA AR E S, el k2ABis A5
). Pac-Man 75 2 € KSR I R HZ P A &1, MASZUER

B — 2K AR



c. Example

» World state:
* Agent positions: 120
* Food count: 30
* Ghost positions: 12
* Agent facing: NSEW 5)3‘
& efﬁ

<€ a9

* How many swost
* World stafes? « of””d
120x(d$2)x4 e o
« States for pathing?
120

« States for eat-all-dots?
120x(23%)

5. State Space Graphs and Search Trees
a. State space graph: Search problem I REFHIAL, H THIIAA [ state Z [A]
IR &

L.

ii.

1il.

Nodes: £ Nodes X3 —“>(abstracted) world state, Bl &4t HIHEA
configurations.

Arcs: EHANF Nodes, 7~ successors, JH X N AN actions 2 H:
iR,

Goal Nodes: State space graph FA7-7E— B Z /™ goal states, {HZRE
I H AR 2 KRB 55 3 goal states 1542

b. State space graph H45 &

1.

ii.

In a state space graph, each state occurs only once! B[lHRZS 25 [a] Bl & — A4~

AR, BMERERAE AT
We can rarely build this full graph in memory (it’s too big), but it’s a
useful idea.

e Ae

@1 L)
/u ﬂ/ /

! - u - ! Tiny search graph for a tiny

i l l search problem

c. Search Trees: What if %, FIRFTH ] GEMITHRI A B 7E 25



d.

i. Rootnode: search T 55 .
ii. Children node: XM possible futures, 4 FPRASHAT A B)/E
(Action) Ja15 214k ACIRA
iii. Bdges: XfRHATIHEA actions.
State Space Graphs and Search Trees
i. fE State Space Graph "', FMMIRERHIM—K, AEE, WHEN
] @A), BT AT RE RS A BLoR &R
ii. fE Search Tree 1, FJREGLE HEDIRA, BIAARIMIERAL AT AE 2> Bk
FHEFPRES . WREIEA S — IR AN R, 1R 7R E
WRETF (RS AT R D B /0

iii. Lots of repeated structure in the search tree!

Each NODE in i / \
/ State Space Graph \ thzcsearch tr’:e"l',s Search Tree

an entire PATH in
the state space S
graph. o R i
——— N
b c e h r q
] 1 —_— N 1
a a h r p q f
We construct both ~ 1 ' -~
on demand - and p q f q ® G
we construct as q ’\G a

(o]
little as possible. \ . /
a

How big is its search tree (from S)?

6. General Tree Search

a.

Fringe: A9 R node. 2 MUK %0 1A . M fringe HiEHEME—
M RATY R (ERZERA fringe)

Expansion: &P 28T HA node, FH &I children node. T HTHI
search tree 73 3

Search strategy: /REY AR A, LD TR, ISR
Exploration strategy: #RELEFEMA fringe T7 A TH & .



i. BFSJ FEMAHER
ii. DFS REMHEZE
iii. A*#ZE

* Expand out potential plans (tree nodes)
* Maintain a fringe of partial plans under consideration
* Try to expand as few tree nodes as possible

e. Tree search algorithm

b - -
function T'REE-SEARCH( problem, strategy) returns a solution, or failue/
initialize the search tree using the initial state of problem ctot.  Shokel

e oA Y Ao
loop do

vae-i—

if there are no candidates for expansion then return failure & =
choose a leaf node for expansion according tozls‘fmhvlr/;/ PS pre S e~ ( wApe:
if the node contains a goal state then return the corresponding solution
else expand the node and add the resulting nodes to the search tree

end

i WIEAIR A, RAGIRAS N MBI initial state.
ii. BN loop: WIRBA AP FEAIMEIE /L, R BRI,
i, MRAEAE R RGN AT R (fringe HIEF.
iv. WERIZY RS BRI, R B R %
vo B, PR A CRERT AR B T SN search tree.
f. Search Algorithm Properties

i. Complete: Guaranteed to find a solution if one exists?
ii. Optimal: Guaranteed to find the least cost path?
iii. Time complexity and space complexity: HURT- 38 R AL ARG
iv. Cartoon of search tree
e b /& branching factor, BRI S -F 5 5%
e m j& maximum depth

e solutions at various depths



e Number of nodes in entire tree: 1+b+ b2 + ... + b"m = O(b"m)
(O(b“m)+& upper bound, BJFTHZ KT SUSED
.

1 node

b nodes

b2 nodes

m tiers <

b™ nodes

Depth-First Search

7. Depth-First Search [1] 5% 5 S
a. Strategy: TL5CH FEIIAN node, BPEEKIRA search tree I IARLL, F1H]
B E—RFHRARRRE AL
b. Implementation
i. LIFO AL HoHT AL node 2 ety & (RIPLIeIR R B IR
7330
ii. F 1A node 1E &8 node ?EZ%T%%?%ZWTA?EZW%
iii. Example: R W state space, initial state S it 3 25421 LLE
X A, B, C.
o WItHtk: Fringe AL EHUGTT & S: Fringe: [S]
o EIFS, BHEHTIAA B, CIINFAE GEE: FARS
M R 812 ): Fringe: [A, B, C] (C & /aMARN, HiH
D)
o U CHHTH R (N2 LIFO, /a2 C Jeiil
1), % CH TF 5 C1 A C2: Fringe: [C1, C2, A, B]
o YR C1HHTY B, HIBC AHTFWRHIRET, Rk
W2 B A A
8. Depth-First Search (DFS) Properties
a. DFS# BBy fi: "Rty BEMERM (WREEHEE . DFS ik
WEWRBR MR GRATEE R mAEFT AR n MR, B33
KR KIRFE, %FZFAIEW‘EJBF%HE?Q LAt 32
b. Time complexity: O(b*m) b 72 & node %Y ;



c. Space complexity: O(bm) /N7 FEL LI R E O(b"s). X EWRAE DFS &
F] RN, & T NAEZ RSO

d. Completeness: AN—3E, WIH m 2 oPRE) (54 2 FEAE P 56 FRIE B 144
EM ), DFS AIREKIE A IR EIF . (H2, SR PRATTPR 38 2R 5l 1k =
SR (Flan s HPEEAAID, DFS 7] LU e8] .

e. Optimality: ARHEIHT, KA DFS B 2RISR AMEM, A EEBEN
IRBEEARY

Breadth-First Search

9. Breadth-First Search [ 5 1% 5 5L H
a. Strategy: LY JE&IX)Z (shallowest node first) 75, BIJGIE I 5¢ 24 a0
WEWATN RE, A#HNT B0 A8 .
b. Implementation: fIH] FIFO (Jeitsett) FAFIIEDN fringe RAFAELF R R BT
Mo FEIINEITE ety B (5 DFS () LIFO J7 A A
c. HT BFSRKH BEY R M7, BRERBET 2N ERT, #REE
R B PR A A S R R AR
10. Breadth-First Search (BFS) Properties
a. BFS ¥ JEURLETT i BT T iikf# (shallowest solution) VRJE s
1 . Let depth of shallowest solution be s
b. Time complexity: O(b"s)
c. Space complexity: O(b"s)
d. Completeness: MR s AR, BVU1RAEAAAE I B RA N TCIRTE
M, W BFS — € ek 2 .
e. Optimality: XHFTHBEH cost IZE (| 43268421 cost #42& 1) I,
BFS A RefRIERACAR . AR ERARAN A HESE, BFS A—E kR 2 /N
AT

Depth-First Search 5 Breadth-First Search

11. BFS outperform DFS )15
a. mMUMEZ XM (Shallowest Goal)
i. BFS {#UFFR BB If#, 1 DFS w1 BeR 3] — NS IR A AE B A A
i, & AT B A F SO TR R AR
b. HERAZMZARE, ¢ HMER SBL
i. BFS £EZERI, Ao NRE A1 R 97 65 1] .
ii. DFS nJRESEREANLERZRFE, 1 BFS 0] LU PRI 2 f# .
c. AIWME, BRI



i. DFS AJRES P NTERS  CAnFE JoB s Mar il iy vl B o PR U)o
ii. BFS HITidsk VA VIR A, ASFEASLIEIL.
12. DFS outperform BFS )15
a. HZRZMAAER K, BFS WAAHFEE =
i. BFS fZAF- BT A I fringe, HARBEIREN Obrs), &5 ik HN AT

B
ii. DFS HAFfEMATERAE, 2ERIEE O(bm), FIAE 1752 R A i
T, DFS ¥AlL.

b. HIR T RAEIRE: BFS 20 A S0R 2177 55, DFS nlfge Bzt
RIZHREIR, Rl W R M NILF7E DFS iE £ 1 se b
13. Iterative Deepening Search
a. IDS 454 DFS (25 [A1fL# F1 BES 7EI 8] 52 24 B J 3% B B ik idt_E AL 55
b. H&T%
i. JEiZiT—/> DFS, WERGIA 1, WREARIM, ks
ii. 817 —> DFS, REEFR®IN 2, WA RIM, Wghas-----
iii. P84T —A> DFS, REEIREIN 3, wtbyEdt, BB,
c. SEBRRIFAR, IDS FURE & 24 AT BFS #H[E O(brd), 1 5 2 (A 212
O(bd), Lt BFS [ O(b~d) /MR Z .
d. EHATHERIREARA, EAETREEIRIE

Uniform Cost Search (& FH T B& AR AN 25 B 1 00D

14. Uniform Cost Search ] 5 % 5 52
a. Strategy: ¥ &R BT A (cheapest node first). 7 i I 6 2%
cumulative cost H i€
b. Implementation: HJEGAIRA S A A 0. BEZY AU /M (i p AR
1 d AR 3). TERL SERCAT R IX I cost contours, BIAH FIACHT #5421
FeMIE], AF BRI R T AN R H R

- L e
9 1
@ > —< @
®) 4 @11 (e 5 m17 (H1Nn (@ 16
| | N N
Cost @6 a W1IB@O7 p q f
contours PN | [ PN
p g 8 a cC G
| EN '
g 11 @10 a
|




15. Uniform Cost Search (UCS) Properties

UCS ¥ ULy . 23 BFTE cost N HRACMAM C*1 nodes. FATH
AL EAZ ) cost /& C* , H/)> arcs cost N e, WHRIREIELIN CHe. X
WRE R UCS %A WA R FERR ], H 2 HAR R IRIR R R CHe LT
Time complexity: O(b"C*/g)

Space complexity: O(b"C*/g)

Completeness: YES, WIREAMMNI cost HIR, FrA LM cost B2 IE£ .
Optimality: YES. E&EMIET B ZAT AN HRAHIERAE

WSEST AW S

a.

™o a o o

1.

JE=i
=i

—

UCS 2 I BB ARA #e BE (cost contours) HEATH 2, B MK
RN TFEG, ZEY R m AN A
UCS & 5% (Complete) H.IEA (Optimal) f].

Explores options in every “direction”. UCS ANt AcEA 1A H Az 5 [,
M e S A rT BER T Y e . XEMRE E RS HRRME A0
L)AL

ii. No information about goal location. UCS 1AL A& # i 1% i) EFUCH K

BT, (B ERHE HARIOEER . ENS T, UCS WhERSE
TR, e T TN A B B



Lecture 3: Informed Search

Search Heuristics

1. #% )5 &3 Search Heuristics
a. JA K3\ Heuristics: —ANpR%L, F T T 40 2] H FRIRESHIEE S how
close a state is to a goal. Wi H T € KRR L, A [F A8 55 ZA RS

Eﬁ o
i. ST PE S Manhattan distance: & T RS HE A E A6 B 5 145 0]
i
ii. MCJLHE R3PS Euclidean distance: & FH Tt 5 & (A B0 B B ES .
b. EHl

i. Manhattan distance: VPR /K-FJ7 mIAMEE T RTHE, SKN
10+5=15,
ii. Euclidean distance: FEL3ZITH M i AN ELEE, A 11.2.
2. Ja &A%l Heuristic Function h(x)

a. FWl
Giurgiu 77
Hirsova 151
lasi 226
Lugoj 244
Mehadia 241
Neamt 234
Oradea 380
Pitesti 98
Rimnicu Vilcea 193
Sibiu 253
Timisoara 329
Urziceni 80
orie Vaslui 199
Zerind 374
h(x)

B R T8 5 R s 4, A AR AT, i BT
KRNI 2 B ) SEBREE BS .  H FR38 i && Bucharest, At i 5 HAH
ZE, HbE T AIEE .. AR TR TSI B s s a0 R B



Straight-line distance to Bucharest. X5 & 28 h(x) F T Abvh 28 &)
H #5317 Bucharest FIACAf -
b. ZA
_—

4 —

h(x)

>

N = =
ALY

$ 4=

1,

4

=N _ 2=
3 =

BUGEHERY 8] B8 B — HERINAS R R BTGHZ KNI N BIRHES . h(x):

MAPRES S, URRTCE P IEF AL B R SOREIG S 5 . IR BRI ETGE O
ZPE IR, W hx) = 0. WEREKRIFUHIAAE LA E, W h(x) =

PRS0 5

Greedy Search fll A* Search

3. Greedy Search ) 5B 5 SL
a. Strategy: fEHRIIFEN, RRICARIGEE AT E F R HdL H AR RUATY
Ji . 18 1 FH Heuristic Function h(x) KP4 2577 S 2 H AR B E.
b. Common case: Greedy Search 1] §g<x HAZIEFRH R I HARKAE, FAEAUK
#i Heuristic Function, 1A% & ESZHTEEAAM . Greedy Search 1] 245 — 4
FEXER) DFS. W Heuristic Function, [MAZ5EEARRAAN, AR FEHE
RIAN—DNRETT I, AR RA S I -

.....

Greedy Search e\ .

1.3 140 N\ 92
" v -

* Expand the node that seems closest... e N
79 . nlnmunl .
Arad coree 3 . * -

d Giugiu
Sibiu
329 374
=l
O sih 58

253 0

* What can go wrong?




4. A* Search [ 5% 552

a.

Strategy

L.

ii.

FAME H UCS A1 Greedy search — L i) A* search. UCS &K 4 i
A ATHEY, & 4R A /NI node I/ . Greedy
search /2 MKHE h(n) (T EAREEED) HATHET, EFEYTTEE kK
FElE H PR node AT FE -
A* search 45 B2 g(n) 1 Heuristic Function h(x)

f(m) =g®) + h(n)
A* search IEFF f(n)H /M node HATH &

b. When should A* terminate?

C.

1.

ii.

A* search AN NIZAE goal node BN BB 21k, T 2155 21 & 4
PAZIHREX H dequeue B 4 281k, 24 goal node & — XM I BRI B,
HA—E MBI REM G 23K 2 T 40 1 B8 42 211X goal node,
PRl AN B 37 R 2% 1

Z

2 Q 3 Gk

Ale s I SN2
e [Initial State

f(A=gA)+hA)=2+2=4
fB)=gB)+h(B)=2+1=3
BV B, N (B)=3 f&/)
e §EB
f(6)=9gG)+h(G)=5+0=5
HARTT S G A BAS, 1B ALk, RENTTRER KR .
e THEA
f()=gG)+h(G)=4+0=4
Kbz AiiEe B 2] G BB, Ut IR IER Y R
TG, MR, HANBEFETINAT EE G,

Is A* Optimal?



i. 4 Heuristic Function h(x) K T SZbrig 2 h(n) > g(n)i, A* HJHE
TeVEAR B A -

ii. &4

e Initial State
MAFIGFA)=gA)+h(A)=1+6=7
HEFGFG) =9(G)+h(G)=5+0=5
R RATTIRSE S E G A Z A
o WMT AMEF fH/Nnode I, B2V B GIMNAE A, FH
T4 S—G (f(n)=5), TMiAREHHK S—A—G

(f(n)=4).
o IXH A* KIMMIERFZE B AN hflivhid R, SHA* AT R
R4

5. Admissible Heuristics
a. Admissibility: FA'17] LA & Heuristics [f] Admissibility, inadmissible

C.

heuristics iXA T UMENE, SBORREE-RERRER, TEREIR
IEf AL admissible heuristics 7Kzt A2 IS SEBRF S ARARA T, T RE2HH
HEIE R LR A IR R (KON I 2% [ BUL #8172, (B IRIE R A4 2
S TP LN 8
Definition of admissible heuristics: —)* heuristics h(n)s& admissible, W& E
Xt AT node n #iH A2

0 < h(n) <h*(n)
h(n)2 8 &K AGTHI A s h*(n) 2 T A n B0l H PRI S RA, &2 240
T n B HFR A G Z AR S brARY (Lg% i /M g(n)
B,
A* FZE AT BOR T8 &%t RS R AR IR BB, (H
RAGTHER, PAIRe iR AEEE . G K Eh 7 sehRART (B A
ARG, A* Al e bt B A



6. Optimality of A* Tree Search f{JilF B

R A 72 optimal goal node, B /& suboptimal goal node, h j& admissible ff]. FA1E

UEBALE h /2 admissible FITEHL T, A*— 5 7] AR 2 HAR AR -

a. FRA1FNIE B 1E N suboptimal goal node, H EE fringe 1. 3™ A ff] ancestor n
7E fringe. 5, MR Admissibility 1€ X, FATATEI0 < h(n) < h*(n). 1E
A*H, f(n) = g(n) + h(n), HTh®) <h*(n), Hik

g@m) +h(n) < gn) + h*(n)
HTh*(n) /2 n 2 B5 A BSEPri A0, Frllg(n) + h*(n) = g(4).
I, gn)+hm) =fn) < g(A). BIATE goal node &b, h=0, [H ik
f(m) < f(4)

b. T b2 suboptimal, [Htg(4) < g(B), TMif(A) < f(B)-
c. FHIANTATE, f(n) < f(A) < f(B). XHWH, nSfEBZEMWY . mT
all ancestors of A expand before B, X A expands before B. X #ji B A*& ALk -
7. Consistent Heuristics
a. Definition of consistent heuristics: Consistent heuristics 2 20 /& = fi AN 55
X, BI— node x B HARJE v 1 heuristics Z{H A REE T LA g (x, y) -
h(x) —h(y) < g(x,¥)
b. fEH: Consistent fitRITIRILERAT “FaBRIHE”, 8 G KA A — B0 R E Vi
Al [E— 45 e A* ANTREEFUI Oy RS, A 78 R IkER AN
FHFE. TE—BUEERMT, A* ARIE R



8.

9.

Consistency implies admissibility
v n B HARKI AL RN
n=ny—-n, - n, = - - n, = Goal
HArgpgkiling - ny 1 cost Ng(n;,nip1). HR#E Consistency
h(ny) < gy, Niv1) + h(Mi41)

SHEEN =nyg = ny = ny = - = NIEE AN
k-1

h(n) < )" g, i) + h(Goal)

H1-Th(Goal) = 0

k-1

h) < ) gl i) = b ()

Properties of A* Search
a. UCS vs A* Contours
i. Uniform-cost expands equally in all “directions”. UCS ¥ f& t) 77 =i 5
PR [ VU R, AN ] H AR T 1 o
ii. A* expands mainly toward the goal, but does hedge its bets to ensure
optimality. [FlItt, A* AR AT 5010 HARY R, (H o3 2 m) A [ 9
J&, DABfRIR R m it Qs i m P i X0 .
b. Summary
1. A* uses both backward costs and (estimates of) forward costs.
ii. A* is optimal with admissible / consistent heuristics.
iii. Heuristic design is key: often use relaxed problems.



Lecture 4: Probability
Random Variables and Distributions

1. Random Variables

a. Definition: Random Variables #& SRR 7 FA TX tH T 5 L8 A A 2 PR 5 T 1) A8

Ho
i. R=Is it raining?
ii. T=1Is it hot or cold?
iii. D = How long will it take to drive to work?
iv. L= Where is the ghost?
b. #*7x7Jji%: Random variables il K57 RRR, HWIR. T, D. Lo
c. Domains: #E/NBENLAZ & #A HHUEE
i. R € {true, false}
ii. T € {hot,cold}
iii. D € [0, o0}
2. Probability Distributions
a. Probability Distributions F7~ AN AN & (1) A A HUE R AR T Re k. %
IR 202 1,
b. Distribution: A distribution is a TABLE of probabilities of values.

c. Probability: A probability (lower case value) is a single number-.

P(T) P(W)
T P w P
hot 0.5 sun 0.6
cold | 0.5 rain 0.1
fog 0.3
meteor 0.0

d. Zf—: Temperature
i. P(T = hot) =0.5
ii. P(T =cold) =0.5
iii. EURER T HLE ATERGRI PR E R 1SN .
e. &l —: Weather
i. P(W =hot) =0.6
ii. P(W =rain) =0.1
iii. P(W = fog)=0.3
iv. P(W = meteor) = 0.0
v. BURBER T AERATHLEE AR,
f. AR



i BIBERLARAEN PX =x)20
ii. AR READAET 1 X, P(X=x) =1
3. Joint Distributions
a. Definition: —> Joint Distribution 5 X | 2> random variable [7] i} B AN
& BUVE R R . i, WA T AR W ARG 7341 P (T,W)ZK R T Al
W IR s BRREANR E B{EL IS PRI

P(T,W)

T W P
hot | sun 04
hot | rain | 0.1

cold | sun 0.2

cold | rain 0.3

b. Size of distribution: 134 n 4> variables, &M F & [ domain & d, NI joint
distribution FJ /N d™ . FIUN%EF T A W A —AHAR &, RAEKDN 4,
4. Probabilistic Models 5 Constraint Satisfaction Problems

Distribution over TW Constraint over TW
T W P T W P
hot sun 04 hot sun T
hot rain 0.1 hot rain F
cold sun 0.2 cold sun F
cold rain 0.3 cold rain T

a. A probabilistic model is a joint distribution over a set of random variables.
i. Random Variables EAG A [F] [P HUH 5 [l domains.
ii. Variable [fJ 4™ assignment # A outcome.
iii. Joint Distribution: 75 MRE AL KT AT RETE R
iv. Normalized: Frf ] RESE R IIMEZRAA 1.
v. MSZPE. BARTEOLT, KRR E L AR EEA A
b. Constraint satisfaction problems: it ZJH 24 Constraint & SCH LR 5 IR E
AT, AW M.
i AR [EE BUE YL .
ii. ZJ5R Constraint: & XMFLEAZE AL AL SLVFIT, WRLSZARIERT.
i, ANESRMER DA 1, R 7.
5. Events 55 Sample Space



a. Events & —2H A BEI1 outcomes, EJZ /N ((HA—E/Z4HE) assignment 4
B FAFHINER P(E)Z I A 2 F IR E MR 2 0. Eedn

P(T,W)

T W P
hot sun 0.4
hot rain 0.1
cold sun 0.2
cold rain 0.3

i. 14 hot AND sunny
P(T = hot,W = sun) = 0.4
ii. ZEH{F hot
P(T = hot) = P(hot,sun) + P(hot,rain) = 0.4 + 0.1 = 0.5
b. FEAZE[A] Sample Space
L A BRI H SRR g, MR AL AREE T 1. B, xF T
T € {hot, cold}, W € {sun,rain}ii s, FEAZAME.
Q = {(hot, sun), (hot, rain), (cold, sun), (cold, rain)}
ii. Events /& Sample Space []— T4, FRILATBOGHR 1) FLL -0

c. Example
P(X,Y)
X Y P
+X +y 0.2
+X -y 0.3
-X +y 0.4
-X -y 0.1

i. P(+x,+y)=0.2
ii. P(+x)=P(+x,+y)+P(+x,—y)=02+03=0.5
iii. P(=yOR +x)=P(-y)+P(+x)—P(—y,+x) =04+05-03 =
0.6
6. Marginal Distributions
a. Definition: Marginal distributions are sub-tables which eliminate variables, i
R ER (summed out) FE8AR & RAG 2 H At A7 B I HE2R 704
b. Method: 83X HRE 73 A7 H AN R (1) A2 B R A SR AR S



P(T)

P(Ta W) T P

T w P > hot 0.5

hot | sun | 04 P(t) =Y P(t,s) cold | 05
hot rain 0.1 S P(W)
cold sun 0.2 W .

cold rain 03 > sun 06

P(s) = zt: P(t,s) i 04

c. 4Btk Marginalization Ff— %2 20

P(X, =x1) = Z P(X; = x1, X5 = x3)
X2

7. Conditional Probabilities
a. Definition: %77 Event B K AEHIFIFE T, Event A KAEMIMER, FRN
P(a,b) Joint Distributions of a and b
P(b) P()
YIAVAIE b KA, EHFEE a KAKNME. FHESHTITHRELT,
RABAR IR EZ D,
b. Example:

P(alb) =

P(T,W)
T W P
hot sun 0.4
hot rain 0.1
cold sun 0.2

cold rain 0.3

P(W =sun, T =cold) 0.2

P(W = sun|T = cold) = P(T = cold) T02+03

0.4

8. Conditional Distributions
a. Definition: ZAERENEEMIUE, 1HHE S —NRENBE M. Bl
& oA P(T,W) IH— 153 211,
P(xq, %) P(xq, ;)
N Te R NYTCAES
P(xq, %) RIKE MR P (o) RIUPRHEAR, Wil i o x, AT RERUE T
FAIRE S MR SR ANAT 2 Y

PG = ) PCrixa)




b. Normalization Trick: WAIEITEEA A5 0 A, BIAERELL 4R
(kb T=cold) WA, FATTAT LIAE H 3 —46$ 15 Normalization Trick
i, wEMETHEPWIT = c).

P(W=sT=c)

PW=sT=c)= PT=0
_ P(W=sT=c)
T PW=sT=c)+P(W=rT=c)
= =04
02+03
P(T,W) SELECT the joint NORMALIZE the
probabilities selection _
T W P matching the P(c,W) (make it sum to one) P(W|T = c)
hot sun 0.4 evidence T WP w p
. . -
hot | rain | 01 i cold | sun | 0.2 " sun | 04
cold sun 0.2 cold | rain | 03 rain | 0.6
cold rain 03
e
_ P(W=rT=c)
TPW=sT=c)+PW=nT=c)
S E—y
02+03

9. Normalization
a. Dictionary Definition: ¥ FT 8 £ {H i % 2| 1E % 125/ (normal condition).
b, EeE S B TE % BERLLVEATISATL, EE SRR 1, NI RER
I A
i. Step 1: Compute Z = sum over all entries
ii. Step 2: Divide every entry by Z

= Example 2
* Example 1 P
\\% P Normalize W P T w P T w P
sun 02 — sun 04 hot sun 20 Normalize hot sun 0.4
: - K hot rain 5 > hot rain 0.1
rain | 0.3 Z=0.5 rain | 0.6 Z=50
cold sun 10 cold sun 0.2
cold rain 15 cold rain 0.3

10. Probabilistic Inference: JEIL CLANHIMER, H#S B NNFHAIMR.
11. The Product Rule
P(y)P(xly) = P(x,y)
12. The Chain Rule
P(xq,%2,x3) = P(x1)P(x2]|x1)P(x3]x1, X3)
13. Bayes’ Rule
P(ylx)
P(y)

P(x|y) =
14. 2 HE#% A 3 Law of Total Probability

P(x)

P(4) = ) P(AIB) X P(B)



Lecture 5: Constraints Satisfaction Problems
R L5 23R &2 i) @ The Meaning of Search and Constraint Satisfaction Problems

1. What is search for?
a. Assumptions about the world: a single agent, deterministic actions, fully observed
state, discrete state space.
b. FH—2EHi&: Planning F{KI [ @
i. Hir#E the path KL H¥r The path to the goal is the important
thing.
ii. Paths have various costs, depths.
iii. FJ{§iH heuristics K¢ R B RHK
iv. B —HLEE A RIS AR A —— 2RI AT Path A< B .
c. B J5Hi&: Identification 1R 7 ] i
i AR AN T EIRE, AOIERXMRER KIS, The goal itself
is important, not the path.
i, FTA R AR B AT BEAR [ .
iii. 25 2 7] @ CSPs are specialized for the identification problems.
iv. ECOIA— OGN FEFHRE AR E —amME R, maEd .
2. Constraint Satisfaction Problems
a. Standard search problems

i. State is black box: state A LLAEE E R MEIREM (Wit B
E PP
ii. Goal test: T L2 X} state H4E & bR ZH] W
iii. Successor function: & X P LAIEH HH, 584 HE N — S k.
iv. Standard search problem [ &R IE VAR =1, {HAH ARG FATICIER H 0]
ghikikat AT AL .
b. Constraint satisfaction problems (CSPs)
i. A special subset of search problems.
ii. B> state HH—41 variables X; i, variable [FJHUHE K H —> domain D
(A [F] variable tHA] LAA A A H domain) .
iii. Goal test HH—41 2R constraints ZH %, #E T H-LL variable T HUE 4 A
e Ek.
iv. CSP %
e CSP & —7# formal representation language, G g . 45

k.



e Allows useful general-purpose algorithms with more power than
standard search algorithms.

c. CSP %1

L.

ii.

1il.

1v.

- =

Tasm'ia

Variable: £ state H—#41 variable #4 i, 7EiX B variable /&
e WA (Western Australia)
e NT (Northern Territory )
e Q (Queensland)
e NSW (New South Wales)
e V (Victoria)
e SA (South Australia)
e T (Tasmania)
Domain: Variable FJHUE K H —> domain D, fEiXH %> variable
CRPIX 380 #fmT LAEUE

e Red
e (reen
e Blue

Constraint: Goal test H—2H2J{ constraints ZHi%, 75X HIZOLLIHREK
PERARAR XA REA AR R B

o Implicit constraint: i &R E#THE, i

WA # NT ...
e Explicit constraint: = ARVFHIECXTF1H K, Hean
(WA,NT) € {(red, green), (red, blue), (green,red), ... }
Solution: —> solution #& [ & variable FIMR{E, €T constraint [1]
He, i
{WA=red, NT=green, Q=red, NSW=green, V=red, SA=blue, T=green}



d. 2R 5 e Binary CSP and Binary Constraint Graph
i. Binary CSP: 8% constraints A 4> variables. FLHIZ )5
il vh, 2 TSk A Dy A A8 XIS B A A R B, FRATT B K A
variables (PN AHAE XA BEA AH AT .

ii. Binary constraint graph

e
()

e Nodes: 18 variables, %41 WA, NT, Q, NSW £,
e Arcs: fRFEM variables Z [AJfF1E constraints (] 41AH2f [X 35k
ANBEE MBI,
e 57T ] Independent subproblem: 7EEIH, T & —ISLH
M— B E5HMXBIEA constraints (AFHEE), FrLAn]
DA ST SR A o
e. — /N LA £ CSP formulation, PLFHIX /N A ENE] . HEREE—
N x NI LiE N EE, EMEENDNEEAER—1T. AMEFR—F.
ANEF— R 2R

i. N-Queens [ #[#] CSP £k /702 — (Formulation 1)
e Variables: J—/>N X N matrix of boolean variables X;; &7~
B HetnX,, BB —ATH 51,
e Domains: &> variable X;; € {0,1}, BIARZE ARG, H4
AT

e Constraints



. BATRERGAE ANEE N T EATHMERRAME

B, ), (0, k), LA EWFEE CREERINL,1)).
(X, Xi) € {(0,0),(0,1), (1,0)}

. FAREREE AN EE TR IMEEMLE

@@, )), (k,j), AU I T &M CREERBL(,1)).
(X, Xx;) € £(0,0), (0,1), (1,0)}

C EXAL ONE EFA IR D

(Xij) Xivk,j+x) € {(0,0),(0,1), (1,00}

B GREMNA LR

(Xij) Xivk,j—x) € {(0,0),(0,1), (1,00}

. HEZR (RN 2R, Ko E3HE N MIEK

RN 1D

L]

ii. N-Queens [f] @[] CSP £iAJ7 2 — (Formulation 2)

Variables: BF4™ variables Q, &/~ k AT JLNEFHINE, 15
WQ, TR —AT I B JaAEH— %1

Domain: Qy € {1,2,..,N}, BUEJE0] PATEZATINGS 1 B2 N
IR E

Constraints

. Implicit: FECF %KAM E X

Qi # Q; (PN REEARELER—FD
1Q; — Q; # |i — j| (AEF—X L)

b. Explicit: A LLAE X 77 X8 H A R4 &, t

.
(Ql) QZ) € {(1;3); (1;4): }

f.  Constraints FtJ P Fh 15 77 =

L.

ii.

H: A2 3R Basic constraints: 1#7 & pairwise inequality constraints (i
WA, XERER constraint K & variables.

el N-Queens [HAKIQ; # QB Q; — Q;] # |i — j|, ARAIIHE

R KA variables, J& T basic constraints.

o LA N-Queens [n]#1(X,;, X ) € £(0,0),(0,1),(1,0)}, X

R K HiA variables, J& T basic constraint.

B 2K High-level constraints: 8% 51121 variables, HINHA,
RILRETJH k. JHE CSP NE 2 # HF2 4 %> basic constraints.



alldiff (Jrf variables BUE & AMIED:  thlmes T-#oph, ARATAf
i —A alldiffX 1, X 2, ..., X 9), Wi RAEEE AN basic
constraints, W5 AX; # Xy, X1 # X3, o

sum (—ABFEMAERETHEAME): WXt T N-Queens 1] @
HI%; Xij = N, it —> high-level constraints, 7] LL#S
N sum([X_11,X 12, ..., X NN]) =N,

g. CSP )£ 744K Varieties of CSPs
1. Discrete Variables

Finite domains: %> variables [{E K H —> finite &5, U
D = {red, green, blue}
R KN NOdY), HA ds2g domain [ K/, n i variable

N

Infinite domains: Variables ] UG IR 2 N 407, LG
BN, SCEGE NS5 . B job scheduling ) @H, %K
I =/MT45 Task A. BFIC, FAI variables 7] LLAES,, Sg, Sc -
EK=AEA LRSS Ay B M C [FFaamTE (B a] DAEH
Ey, Eg, EcRFREE AR TAD o IXANIA%, FRATTEEAS variables [
HUE >k H—" infinite domains, #aAF = AE 7%

ii. Continuous Variables

T H TP A e TR A A
Variables 7] PLEXSZ%, 41U start/end times for Hubble Telescope

observations.

iii. FHZ)HR A 5 Hard Constraints

—JLZIW Unary Constraints: Rz —> variable, i T EHH
X} variable ] domain i fR i, LLUISA # green.

T JU#JIK Binary Constraints: 7% & /™ variables, & CSP H1ix
LSRR, BlanfEHL S B B SA = WA,

= JCE £ Z) K Higher-Order Constraints: 3 & = A~8{ 5 £ 4%
&, flanEodr alldiff(x1, ..., X9).

iv. #RZ A B Soft Constraints/Preferences

ANELR SRR, A Ay B R L,

tbn, red bt green B 4F . IXANESE, FATHLLUE red 1Y
preference K, H cost Bk, green 1] preference ¥ /]N, H cost
Fime Bk, HARRNEEA variables BUE K cost.

X S ) R 4 PR O 20 AL AL 7] @ Constrained Optimization
Problems.



h. ESZHF AR CSPs

1.

ii.

1il.

1v.

V.

Assignment Problems: ¥ 2% Z(WE —[1¥R ? Variables 7] LA 52 22 Jifi,
domains L& PRFE

Timetabling Problems: B[ TERFEERE— K. WS [R] 2

Hardware Configuration: UIfIZHE&HAERIARMWE —& RG (Filn
EALAHBMER]D, WAL T AR LIULEL ERIERE . IR
Reid .

Transportation Scheduling: AAZECKEMPER HE . AIHLEEYE. 240
WS

Factory Scheduling: MM fn fE AT 4 BHEAEWR & HL4s Hhn T2

VFZ LS U variable #RAS A discrete [, 1fi /& continuous [, Kl
X% &% F| continuous CSP. F LP (ZBHEHIKID =k CP (L H%wfs) T
HRK A

3. [FI#i# 2% Backtracking Search
. {14 7 Backtracking Search

1.

ii.

1il.

T DFS B R FEE, L1108 CSP it “IEi R i 2 iZ DI E
K1Y constraints, — H.AG {2 Z A1 7.

One Variable at a Time: — % H 25— variable W{fH, WRAENF & TCF
(1) (commutative), Fir CAFRATT T LA ] e 5y >k i A0 45 2% 25 [

Check Constraints as You Go: M —IK{E, B ZIR A &S5 HIH
WRAE IS anRhoe, BIAIBIE, (AfEE R RIZ 0. XA IR

MY incremental goal test.

b. Backtracking Search Z&#1: IR A. BF C =X, A5 BHH4AL, B
5 CHAE (A5 CAMAL, FAKXIEA PLikFEDomain = {Red, Green}.

L.
ii.

1il.

1v.

V.

Initial state: {} Z5IAAE
Step 1: %47 ATRME {A: Red}, HEIRA—1 variable, K.
Step 2: 47 BIR/{E

e B=Red, MR, [A]

e B=Green, A5, assignment= {A: Red, B: Green} .
Step 3: % CTRfH.

e (C=Red, HH%, assignment= {A:Red, B: Green, C: Red} -
w2 f#: {A:Red, B: Green, C: Red} .

c. Improving Backtracking

L.

ii.

P44 Ordering: #E & —/NEIRER variable J& YEBHE P E 2k
W LS A P Y
BI ARSI Filtering: 7EMME G, SZIREZRS S FEE R KN



iii. Z5HHH Structure: & 75 ] PAR 73 B 1 [ @2
d. Forward Checking: 41R%A—A> variable I{H 2 J5, S7ZIH 2 e X i A& AR 1Y
HoAth variable H & A &M . MIXLERIKAE variable 1) domain H1, MR ATLE L
METRAE MR 1A

WA NT| q
SA [Nswi
v

WA NT Q NSW Vv SA

i, — HIRAIAFA X T i, tin WA =red, ®ioLZI4E 1 WA HH
AR NT A1 SA 1 red HIMEMIF

i REEARREA & P BA rEE 1, BB S HT R R IR R
W, Bz

e. Constraint Propagation

WA NT Q NSW \' SA
‘m‘ CE I IR I I ]
SA Isw [(m] "EErE/ErE[mrE] ]
~ 1 1T 11 1]

i. Forward checking R 7EWAAE J5 1Y BEL B4R G MiME, (HAR 2 982 [h] #2
f£ 3111, forward checking B ANE], A DARSEEIE S “95 e R
(533

ii. Constraint Propagation #& — 5 58 s FHEREALH], A —LIAHER] 5 —
A, FER S AN o WA=red — NT#red — NT=blue — SA
#blue ~ SA LHIEHE — X.

4. Arc Consistency and AC-3
a. Arc Consistency: —7™arc X — Y& consistent 24 HAY >, XF+ X domain 1]
F—Px, EEDIEAE—DY BMEyY, 15x, y4 & A6 X constraints.

L W, X T EIHE “H A E”,

ii. WRHEAx € Dy ALy € Dy i3 constraints B 7, B ZIH FRiX
Nxo

b. Zfj| Example

NT [ WA NT Q NSW Vv SA
@ I e I e ]
v W




L AngRATILAE GV WA — NT, fiR% WA [1J domain /& {Red}, FRATKE WA
— NT, &I NT ff] domain /& {Red, Green, Blue}, Ifj constraint 7 JF A7 WA
ANRESET NT, WHiii NT AN GE2 Red, {22 NTI&H Green Fl Blue, 1t
Bl WA — NT /& consistent.

c. AC-3 8k

1.

ii.

1il.

1v.

A simple form of propagation makes sure all arcs are consistent. FKA 1A
RS BB IR AR S I RE 4% are, XKW LSRR, B 25— % arc #i
JE arc consistency

FERATME CSP AR F, FAMEH W AC-3 BRI . RHN, %HE—
M A—B —C, constraint § A # B, B # C. ¥4 domain A
D(A) =D(B) =D(C) = {red, green} .

Step 1: 5 H A% Q f)4%i% arc [A—~B, B—A, B—~C, C—B]J.
Step 2: JEHUE— variable, BEHLRK(E. LLWFRATERE D(A)
= {red}. IAERMNFTFERKEE A B arc JRARAFIH,
Q=[A—B, B—A]
AT B AL BT M1 55— variable [¥) arc, B B—A. AT
7 B HIE RS RERE] A FHIAMIRAE. D(B) = {red,
green}, {H A= {red}, KILIAIM B HMIER red.
D(B) < {green}
PLAE B 1 domain A2 [, AR ZAFE M B B INE TS
Q. Kit, IAE
Q=[A—B,B—A,B—C,C—B]
Step 3: ZkLEALTEF R A—B, FATKI A= {red}. B=
{green}, [FII# 2 constraint, J&7 515k
Step 4: ALFEFR[F] 55 —A> variable 1] arc, B C—B. FRATEH
& C &/ MEHPTLLS B BMARCKT . C = {red, green}H [}
green MR T, [RIHHE 5 5 o
D(C) <~ {red}
Step 5: AP R B—C, FAIAILB= {green}. C=
{red}, [KIILI#E constraint, J&75 71F5% .
Step 6: HALER AN A= {red}. B= {green}. C= {red}.

E b2, delete from the tail 2 A% 0o 70N, R SEFRATTEE S0 402 B
—A FHAb# A—B, SBAabPE C—B, b B—~C.

Time complexity: 0(n?d3®), AlfEfbZE0(n?d?).

Limitations of Arc Consistency



o IRMILCIELRENEA A, WARRERARITAMR, AN EEH
B TCAREFRATTIE A FIE

e Arc consistency still runs inside a backtracking search!



Lecture 6/7: Game Theory and Ultilities
Types of Games

1. Many different kinds of games!
a. Deterministic or stochastic: ZMEGREMHHE?  CUIEPRRBAHEL T
b. One, two or more players: FiFEEANH N WKL R 2 N1HIE.
c. Zero-sum: —/jIRpRERD IR (ZEE zero-sum).
d. Perfect information: JFXIRAS 27682 Can[E Fr R AR e D .
2. HZEHFR: “RBE (strategy B policy)” AZFRATAEM algorithms H i+ 5 H R 1 H F5
a. Strategy = %4 /EE— state, HEFFERIUI action (Rl state — action FJHRIT ).
b. AT AT W L (W1 Minimax 55 ) SRR AL TR
3. Deterministic Game
a. States: S (FTA 7] REM game state AR S, PLUnEFR AL ALACED
b. Players: P ={1,2,..,N}, Bl RRITH.
c. Actions: A (RJREPATHIZNAE, BTREMCH T4 AT state/*4 8l player, tbin
Pacman [7] 2/ 45/ L/ R #80) .
d. Transition Function: S X A - S. 23— state fll—~* action, &[A] F—4
state. [KI°NJ& deterministic Y, FTLLSEH 2 ME—).
e. Terminal Test: S — {true, false}, FIWiHEA state /& 75 AFALLE W state.
Terminal Utilities: S X P - R, %53 —|* terminal state #1— player, &I[Al
XA player HI1557
4. Zero-Sum Games vs General Games
a. Zero-Sum Games

i BiR IS utilities A2 58 XL, —AMERX Bt g 5 —

BLE 5. Utility SATA 0.
player A's utilities = —player B's utilities

ii. 5E4t adversarial, #& pure competition.

i, EEIIP LSS NERRSF A — DS, WEERMER, SR T AR
o

b. General Games

L RS EAEMILRRAN R, AR IR A e A 1R
H ARG, B> TS

ii. ECInm LS AR A FBIER A, &M FEBE, B st
itk BT —RIEgE.

Single-Agent, Adversarial Game and Minimax

5. Single-Agent Trees



@)
2 0 2

a. M A (BJREZ=MM) Leaf nodes (Terminal States): Utility & 2L &I/, 11
u: 2,0,2,6,4,6,8.
b, FELIRZS CRIEFRAT O BATRE T b b B 20
V(is)=  max V(s")

s’echildren(s)
CLAOFRVE YR AT (7] AEHRR), Eean

o JLIUMTR, FATAZE2A0, T AH max(2, 0)=2.

o LT H, THRZ4M 6, ARG,

o EOMHRTT S 2 NME T ECKAE: max(6, 8) = 8.
c. Terminal States: AR FHUFXHFNIN B 245 HH V(s) = known.
d. Non-Terminal States: H{E 751 5115 V(s) = max of all children values.

6. Adversarial Game Trees and Minimax

6 4 6

> — o W .
-20 -8 w -18 -5 w -10 +4 20 +8

a. WEEAMHE (Pac-Man): ZFRATHIEIR, FRATEIER max; ZEHE (Ghost): &
XTFRE R, AATEESE min.



i. States under agent’s control (%)
V(s) = max  V(s')

s’ esuccessors(s)
ii. States under opponent’s control (Z[ %)
V(s') = min  V(s)

s€successors(s’)

b. HUE R WAL R 2
i B N REOY A, Bk max, PbE R 7 —HE O3 S0 8UE
-8+ -5, +4 F1+8,
i, S HERA AT, kS min, KA —HEN-8 il
i, A LT SO IE A, RS max, LA+,

Minimax values:
computed recursively

max

2 5 min

Terminal values:
part of the game

c. XA Minimax JR BT — IR, Minimax A& 78 A B X PR BT IR R
. MAX A MIN 1 53588, 8 B R F _EAAHE.
d. Minimax efficiency and properties
i. Minimax 50T DFS, HEHAIEIRENOD™), b NP5 state [
HiFaction# &, mA search tree IR KIREE . HARIE :FE N0 (bm).
i, WIERXTF 2 perfect player, Minimax &5 4F (1RGNS B 2R
X T 2 A B 22 R SRR B MR A3 45 o TSRS AN & 52360 (Lb
U2 FENLIRES ), Minimax 7] A8 AR .
7. Resource Limits and Depth-Limited Search
a. FERSLERH, TEERAIWINREN (8D, mERRE. FEH
& RIEM TR B RIRE, AHRITEIHATRS L. EIEL RS
evaluation function KA {H, TARMMELEER (/0.
b. {H/& evaluation function /& imperfect [f], T REZ FEH S BCE =4 R S EVE
gy fHAE, FHRIRSE IR LAIRAMPEAL R A 2 o FRIESE R B rhobkAT 5 HE



HOOZEUER) MUEWEIRE “HSLAR” i, XEAEM T —14 tradeoff,
5 /& evaluation function 5 search depth AU .
i. K401 evaluation function FJ B 75 B 2+ (AN FME ML),
il B ] DL%E 35 5 17 *R 1 evaluation function, {HINIRIE RIRSE .
c. Depth-Limited Search )17 @: 7] 58 KNI BN R s AT N CAMT
2. AE).

-3 -
/\
B o
| /\
X -2 - - 3|
i. Pacman 1185 Lz 5 7 0] DA,
ii. Pacman tHAEWIRIEANNZ, THEFERIZ, 189 —FF.
iii. fERHEETZE, EAFREZRIREEN (1 depth=2) KA H
APl T .
iv. FTLL Pacman w5 [IUFENZ | Al 25407 ] R—FEER), TRATEEK
LANE !
8. Alpha-Beta Pruning

((
S mm R e e m e @ omE E EH = =

RS U
a. Alpha-Beta Pruning: X HEAPIERN, (H24 U KHE pruning Bkid 1A
B R, LA E KREIZSH . Pruning N g 4as R, Rkt 74
DROEFER TR, EEERT R
b. Alpha-Beta Pruning Properties
i. Alpha-Beta Pruning A~ 23 28 5 24 (] Minimax {E, {HH B 7 55 4B AT
Re e ANAERAIY -
i, T AHEF L, pruning FCRBGE. WR &2 perfect ordering (USRI
1515 1) S AR AR T T 715 5500, AR A B [RI 4% BE AT LA O(b m) [
F O(b"{m/2}).
c. UfA] Pruning ($1%5)
i. Pruning RAEEIHEE NG TRIAEE, BEAER — NG TR RS
T BN TRPE - GEE) T RUKEA SR BT .



TN ER S
MAX1
/ \
MIN2 MIN3
/o / \
MAX4 MAX5 MAX6 MAX7
/NN N /\
56 710 2 3 0 9

iii. Step 1: MAX4 754 6, MAXS 1154 10, MIN2 15 5i2h 6. XANHS
fie, AT AZZAAE 750, KILMIN2 A8, o3 74100, KIN
MIN2 AAF . FATH R 2R 10 50, MIN2AEE, 4% 10 4 100,
RILMIN2 R IBAAS . 3X P B 7 A1 10 XF MIN2 Z 5201, HE 78T
F—MNE T GEL 7, FRHE KSR . K
I, 10 #E BT

iv. Step 2: MAX6 17N 3, MAX7 Hi N 9, MIN3 1558 3, MAXI
RN 60 XAEE, FATAT LI 0 4 100, KL MAX1 A4F,
M 08 9, KM MAX1 A2, BATHRZAME 9 24 100, KI
MAX1 AN3E, 24% 94 0, KIL MAX A28, X 0 F1 9 % MAXI
ZTCRM . ARYE Pruning & S, BATABEEIREE AN T B9 48,
AR N TR EREA TR, BN E TR A GEAD
T KA S8R . Rk, 0 F0 9 #BTAL.

Expectimax Search

9. NAH4 Minimax AMEH T ?
a. Minimax i& A TX F 2 BB NER FnEI,
b. HILSEPHEHIRZ A el “IEBN” .
i HARA S RIS HLIE AR
i, BCTRENL. MR

10. Expectimax Search

max

SH
Jo chance

1] [6] [3] [oo




a.

AIERBINTEL, Ms2ik expected value Fe KA IR . FATE Heds Min F5 4
— i/ Chance 5 5. KHIRATIAER

L. MAX T pi: BURKME, NHCHBME.

ii. CHANGE 71 /&: HUINMBCF41E (expected value), ANBEALLE R ATRE

Yo

Expectimax Pruning: 7E Expectimax #1, &4 AfE pruning. X/ &H A Chance
W RPE R A . R R A 10 A ReRiE P e 2 b, R —4
EARZE, WA — il “him” expected values
Depth-Limited Expectimax: 1 Minimax JE% 2400, FATHK IH AT DARR $1]48 =K
F%, 7EMt3F terminal state &, [ evaluation function H47VF4r, R4

normal expectimax — ¥ [A]4% expected value.



Lecture 8 Markov Decision Processes
Markov Property and Markov Decision Processes

1. Markov Property
a. Markov Property 1584 £/ present state, the future and the past are independent.
X A& —Fh memoryless H 145 -
P(St41 =515 =5, At = ap, St—1 = St—1, A1 = A¢—1, -+, So = Sp)
=P(St31=5"1S: =5, 4 = ap)
b. %A UL CANIAE R state S, A 4 F R HUP action Ao T — I A state S;4q
(153 A A PRI T 5 5. 2 BT (1) state A1 history of actions.
2. MDP Search Tree

* Each MDP state projects an expectimax-like search tree

7

q-state < “
/_.» (s,a,s') called a transition

" sas T(s,a,5') =P(s'|s,a) S

‘ R(s,a,s’) T A{

, \

-

a. States: HTFTEMALE
b. Q-state (s,a): fF state s [ KHX action a FI¥RTE &, XHUIFHE &NLE AP E
—A “RIE” TR RO S AIRES L E B E .
c. Transition (s,a,s"): FIEM s BT BE a F s,
d. s’: AT action a J5 ] RERIIA [ state s”-
i. Transition probability T (s, a,s"): AF|F4IRZE s IIMEE .
ii. Rewards R(s,a,s"): BIR3ZJ. 7F state s, FATHAT action a, &5HIA
27 s, EAILZMLE] A rewards.
iii. Value function: M state s JF45, &7 optimal strategy w*, LA KNG 2
PR RN IsE 4 NEIEIV=DR
3. Discounting
a. FRATHYH bR B R S A, EL S i BLAE B9 2l T AN A2 R SR B 22 il o
NTH CRRERNMERAR” x— BB, FATTI AN discounting
factor y € [0,1), i3I EFEEIE I -
i. X477 discounting factor Ay° = 1.

ii. F—2P discounting factor Nyl = y.



iii. 7E F—2 discounting factor Ay?......
b. Why discount?
i BlsetEE . RLTE 2R A S A A
i, TEER. FBNEENE . WERAT, BEAT RS R AR SR B2 )
IR IG PR K T AARE -
c. Z# discounting factor y = 0.5.
i. U([1,23]))=1%x1+05%x2+0.25%x3 =275
ii. U([3,21])) =1%x3+05%x2+0.25%x1=4.25
i, XA S U B R B R i B s, T ELOME K
d. Stationary Preferences: WRILATINAFF[ay, a,, ... 1E[by, by, .. | EEF, 4
FE AN 2 BT A0 AR R B4 46 22 i, AT TS IR 2 i 47 B A BEATG FR) P 31
[ay,ay, ...] > [by, by, ...] & [r,a4q,a,,...] > [1, b1, by, ...]
e. Utility (15 X
i. Additive Utility: U([ry, 1,72, ..]) = 7o + 11 + 15 + -0 DK SE
P i Bl B BRI 2
ii. Discounted Utility: U([ry, 71,72, . ]) = 7o + y1y + Y21y + -0 RIS A
s, HHZFAIE MDP 25 utility BA
f. Infinite Utilities: W —> agent KITZIEARBHATE) (B INBA L SBER D,
WA EIRIFIR N SASTOIRK? fRERTTRUNTT
i. Finite horizon: R T B2 WIS
ii. Discounting (HH WL T7E): &— Ay, ibARSKRILIEHE R

U(lro, 1,12, 1) = z Ytrt
t=0
iii. Absorbing state: & 5> state NZ& &, — BHHEANBAREE I
Values of States and Solving MDP

4. Recursive definition of value
a. Mt value function
V*(s) = max Q*(s,a)
MRES s THIEAR K SME (R ERIG A . AT Tagsh e,
Pt Q 1B F K HIBNEFss BRI ER utility .
b. Q{HRA%L

Q*(s,a) = z T(s,a,s")[R(s,a,s") +yV*(s")]

fE state s T, AT actiona, RS54 K —H follow optimal strategy 173/, X
TiTTaE S LR £ /> (discounting 517D 2.



c. HEN

/v (Bellman Optimality Equation)

v (s)—maxz T(s,a,s)[R(s,a,s") +yV*(s')]

Eﬂﬁﬂﬁ#ﬁ')ﬁa/\%Uﬁﬁ’éﬂ]‘T S[A action HIQ*(s,a), JRJE Lk H & KHIIBANME
HNBATHIV (s)1H -

d. &= 1:

{HATH 2 4 states s, Mlls,, action H A —

RS sy

1T actiona J5, H 80%MMFEHE s,, ¥IHNR(sy, a,s,) =5; H 20%HI1#%

REM s, ZNAR(sy,a,51) = 1. HAy =09, V*(s,) =10,

L.

ii.

1il.

NFts=s,a=a

Q*(s;,a)=02-[14+09-V*(s))]+0.8-[5+ 0.9 -V*(s,)]

= 11.4 4+ 0.18V"(s;)

BT action REF—1, FrLAV*(s;) = Q*(sy,a) = 11.4 + 0.18V*(s,),

R T FER 15V *(s,) = 13.9,
R, Q*(sq,a) =13.9.

5. Solving MDP — Value Iteration
a. Jiik: BATAW{EH Bellman Optimality Equation SRR MIME, EEF

6

Vis1(s) = maxz T(s,a,s)[R(s,a,s") +yVi(s")]

e Sk Ela B i KA HUS T;EEX optimal strategy .

b. Zfl:
i

il.

iil.

iv.

V.

V.

m*(s) = argmax Q*(s,a)

R —A~/NiI MDP [S1] [S2] [S3].
State #£4&: S = {SI, S2, S3}
Action 825 : A = {Left, Right}
Discounting factor: y=0.9
VIEEFTA V(s)=0 (5 0 I
S3 J& s HIh R=+1 (HABAA 0)
Transition dynamics (B1{E B A BEHLIED

e S1, Right, 0.8 S2, 0.2/ S1

e SI1, Left, 1.0% S1

e S2, Right, 0.9 #]S3, 0.1 S1

e S2, Left, 0.9#]S1, 0.1%]8S3

c. Complexity of each iteration: 0(S%4) = 0(3? x 2) = 0(18)

d K=0:
e. K=1

VO(SI) =0, Vo(Sz) =0, Vo(Ss) =1,

i ORE S2, WATZEAM A BhE



ii.

iii.
f. K=2
L.

ii.

1il.

e Q(S2,Right) =0.9- (04 0.9-V,(S3)) +0.1-(0+0.9-
V5(51)) =0.9-09-140.1-0 = 0.81
e Q(S2,Left)y =0.9-(0+0.9-V,(51))+0.1-(0+0.9-
V5(53)) =0+ 0.1-0.9 = 0.09
V,(52) = max(0.81,0.09) = 0.81
ﬁt* S1, FATZEHMABhIE
e (Q(S1,Right) = 0.8- (0 4+ 0.9-V,(52)) +0.2- (0 + 0.9 -
Vo(S1) =0+0=0
e Q(S1,Left)y =1.0-(0+0.9-V,(51)) =0
o V,(51) =max(0,0) =0
RZS S3, AR A 1.

R ST, FATZEAHA s E
e Q(S1,Right) =0.8- (04 0.9 -V,(52))+0.2-(0+0.9-
V1(51))=0.8-(04+0.9-0.81)4+0.2-(0+0.9-0)=0.8-
0.729 + 0 = 0.5832
e Q(S1,Left)y =1.0-(0+0.9-V,(51)) =0
e V,(51) = max(0.5832,0) = 0.5832
RS2, FAMIZEAHA s E
e Q(S2,Right) =0.9- (04 0.9-V,(53))+0.1-(0+0.9-
V1(S1)=09-09-140.1-0=0.81
e Q(S2,Left)y=09-(0+0.9-V,(51))+0.1-(0+0.9-
V1(83)) =0+ 0.1-0.9 = 0.09
e V,(52) = max(0.81,0.09) = 0.81
RES3, KIRA 1.

g. K Optimal strategy

a.

n*(s) = argmax Q*(s,a)

T K=2, ATCAHIL S1 M S2 #72 Right XAMBER QEK, 7*(S1) =
RightMl*(S2) = Right, KLkt y S1 --Right--> S2 --Right--> S3.
6. Solving MDP — Policy Evaluation

ESUF
i

il.

iil.
iv.

V.

V.

R —A~/NiI MDP [S1] [S2] [S3].
State %2 &: S = {S1, S2, S3}

Action 825 : A = {Left, Right}

Discounting factor: y=0.9

VIEEFTA V(s)=0 5 0 I

S3 je s HIh R=+1 (HABAA 0)
Transition dynamics (B{E B A BEHLIED



e S1, Right, 0.8 S2, 0.2/ S1
e S1, Left, 1.0 S1
e S2, Right, 0.9 %]S3, 0.1]8] S1
e S2, Left, 0.9%]S1, 0.1 3S3
b. WG —DEENLFENE T,
1. Si: Right
ii. S2: Right
iii. S3: —
c. Policy Evaluation
i XFS1, #RE| S2 MMEZRE 0.8, AL S HIMERIZ 0.2,
V(S1) = 0.8[0 + 0.9V (52)] + 0.2[0 + 0.9V (51)]
= 0.72V(52) + 0.18V(51) = 0.878 V(52)
ii. XTS2, A 0.9 #MEARR]S3, 0.1 M S1.
V(52) = 0.9[0 + 0.9 - V(53)] + 0.1[0 + 0.9 - V(S1)]
=0.9%x0.9x140.1x0.9V(51) =0.81+ 0.09V(51)
iii. fRGFEATR, V™(S1) = 0.772, V™(52) = 0.879, V™(S3) ~ 1.
d. Policy Improvement
i XITS1, an5ik$ Right
Q(S1,Right) = 0.8[0 + 0.9V™(52)] + 0.2[0 + 0.9V ™(51)] = 0.7719
W% Left
Q(S1,Left) = 1.0 x [0 + 0.9V™(S1)] = 0.9 X 0.772 ~ 0.6948
PRI K]
Q(S1,Right) = 0.772 > 0.6948 ~ Q(S1, Left)
PRI, o Je B SRR £E ST PRFF N Right.
ii. X1 S2, Wik Right
Q(S2,Right) = 0.9[0 + 0.9 - V™ (53)] + 0.1[0 + 0.9 - V™0 (S1)]

= 0.8795
W IEFE Left

Q(S2, Left) = 0.9[0 + 0.9 - V™ (S1)] + 0.1[0 + 0.9 - V™(§3)] = 0.7153
pagEAEIEE

Q(S2, Right) ~ 0.8795 > 0.7153 ~ Q(S2, Left)
PRt S2 L3N/t Right.



Lecture 9 Bayes’ Nets
Representation

1. Probabilistic Models
a. Model #BIFATHE M FIZRIE how (a portion of) the world works. {HIXUFZ&E—
# simplifications
b. Model 7K HEAEAE K. tHAIEREE IR, model TLIEFEFEIH variables
AT variables Z [A]FAH EAEH . All models are wrong; but some are useful.
c. What do we do with probabilistic models?
i. Explanation: {54175 SISEPRHE BT A 5
ii. Prediction: 7140 AR T AS JEAR L5
iii. Value of Information: W& B EAFHRIE 215 BoRMRR
2. Independence
a. & X: P variables X il Y #1A N2 independent ], 24 HAVY
Vx,y:P(x,y) = P(x)P(y) & P(x|y) = P(x)
BATHMF SRR X LY o

b. Zh:
P(T)
T P
hot 0.5
P (T, W) cold | 0.5 Py(T,W)

T W P T W P
hot sun | 0.4 hot sun | 0.3
hot rain | 0.1 hot rain | 0.2
cold sun 0.2 cold sun 0.3
cold rain | 0.3 P(W) cold rain | 0.2

W P
sun 0.6
rain 0.4

i. P(hot,sun) = P(hot) X P(sun) = 0.5 x 0.6 = 0.3
ii. P(hot,rain) = P(hot) X P(rain) = 0.5 x 0.4 = 0.2
iii. P(hot,sun) = P(hot) X P(sun) = 0.5 X 0.6 = 0.3
iv. P(cold,rain) = P(cold) X P(rain) = 0.5 X 0.4 = 0.2
v. P, (T, W) IERHH .
c. Conditional Independence
i. At Unconditional Independence R # %:: Unconditional (absolute)
independence 1R & W, —— K4 B St 5 A (1948 S A 4R 2 AH HOCERIY .
Conditional independence B % UL, SHSCH, ZIRATEMH A —F T
=N

>~No



ii.

1il.

Vx,y,z:P(x,y|z) = P(x|2)P(y|2)
Vx,y,z:P(x|y, z) = P(x|z)
WIRATE Z WE, IBA Y SAGIREHA LIRS X A .
Zf): FATH = variables (toothache 7 Jii. cavity I\ catch #R4%T
M
o YA cavity I, catch 5 toothache Z5 14 5T .
P(Catch | Toothache,Cavity) = P(Catch | Cavity)
o XEREWMRIFHMIERLTAHLS, WMaRE A WA SREIHRE
M RERHR.
P(+catch | +toothache, +cavity) = P(+catch | +cavity)
P(+catch | +toothache, —cavity) = P(+catch | —cavity)

d. Conditional Independence and the Chain Rule

L.

ii.

AL [ chain rule
P(X1, X3, ., Xp) = P(X1)P(X2|X1)P(X3|X1, X3) ...
— /M| -F: Traffic, Rain, Umbrella
o & AF il % 1 M 37 R ¥ B :  P(Traffic, Rain, Umbrella) =
P(Rain)P(Traffic | Rain) P(Umbrella | Rain, Traffic)
e fff H Umbrella L Traffic | Rain R &% J5
P(Traffic, Rain, Umbrella) = P(Rain)P (Traffic |
Rain)P (Umbrella | Rain)

3. Bayesian Networks
Bayesian Networks fi#t tk 1 414 7] @it

a.

L.

ii.

1il.

FAMIAEMEA joint distribution table B, WIER variables X%, H4
KB MAEF R, MURR. FiEfss.

AR ME[RIE % JLAN LA 1 f variables BEAT %251 (k).

Bayesian networks ( 1E 70 ' #X A4 graphical models) F Kl 25 #4 % 7~
variables Z [A] I AH BAEH R &

b. Graphical Model Notation

C.

L.

ii.

Node: ¥ 7~ variables, %> variables #f H C.f) domain. b Ul
weather IX )~ variables [)) domain 7] LA sun Al rain. Variables 7] DL

e assigned (CDWELE]): LURAITES KA -

e unassigned CRMERD: HUWRAFIERAEES
Arcs: FR7K variables Z [AIf] “ 4K 5C % /direct influence”.  FHAAK L,
arcs encode conditional independence (JLJ530). {HJE, ik 7= FIRK
%, A EEMTR ST, A€ EWE KR

Bayes’ Net Semantics



1. Nodes
ii. DAG (G Directed Acyclic Graph): 5 jiid i gk &z, &y
KBTI HHIR A o
iii. Conditional Probability Table (CPT): Bayes’ nets implicitly encode joint
distributions

P(xq, %5, o, Xp) = 1_[ P(x; | parents(X;))

Xt T4 —> variable x;, FATH %T LAEACHT mgh 8 B ISR NER
I e D R4S 2 AN P 28 X AN B 4H 5 1Y joint distribution.

P(X1) P(X2) P(Xn)
h 0.5 h 0.5 . h 0.5
t 0.5 t 0.5 t 0.5

i. Node NXy, Xy, o, Xno

ii. DAG &%t . ATKIEA —4> arcs, XUt A AL & 2 [H#S 58
AT,

iii. CPT: MIEAX, HTHA node Z[AIEAIEL, KHILAFERT
B, XUEIP(X,, X, X5 ., Xy) = P(X)DP(X,) . P(X,,), KL, FediTar
DAfFH — s ip

e P(hhth) =P(HPMP)P(h) = 0.5* = 0.0625
e P(h h h) =P(R)P(h)P(h) = 0.5 = 0.125

B | P(B) E | PE) :
b | 0,999 . -e | 0.998 § %ﬂ_?
. r

Alarm

e. ZHl—

B | E| A | PAIBE)

+b | +e | +a 0.95

John Mary
calls calls +b | +e | -a 0.05
+b | -e | +a 0.94

A J P(J|A) A P(M|A) +b | -e | -a 0.06
+a | 4 0.9 +a | +m 0.7 b | +e | +a 0.29
+a -j 0.1 +a | -m 0.3 b |+e | -a 0.71
a | 4 0.05 -;a | +m 0.01 b | e | +a 0.001
a | 0.95 -a | -m 0.99 b|-e| -a 0.999

i. Node NB,E,A,],M.



ii. DAG &%, FATRI TAHVIA ares. HA B E R, A
NBMEMTFI A, TRMA AT A,
iii. CPT: P(B,E,A,J,M) = P(B)P(E)P(A|B,E)P(J|A)P(M|A). Hit, F
AITAT DAAS H — s 25
e P(+b,—e,+a,+j,—m) = P(+b) - P(—e) - P(+a | +b,—e) -
P(+j|+a)-P(—m| +a) = 0.000253

f. Bayes’ Net {£ R/ MEZE 50 A1 I 1 7 [R] R 2 34

i SEEECE MR X T N Boolean variables, 5e#EECEMEZR KN N
2N, A% Boolean variables 5 2 NHUE (true/false), FrLABKS
YA 2NN RER state ZH A .

ii. N-node Net: WIHRA k N, KINHNON - 281,
iii. XFKU T Bayes’ Net FIfLH

e Huge space savings

e Easier to elicit local CPTs

e Faster to answer queries

Conditional Independences

4. Local Markov Property

a. EX: MFENRX, E5ENIERERY AESEERNT RIS MT

#& conditional independent.
X; 1 NonDescendants(X;) | Parents(X;)
b. ) HiH X—=Y—=>Z—~W.
L XTI Z
o WY
o FREAN (HAER T RD: X
e HBi: ZLX|Y
i, XA W
o WiR: Z
o FREA (HARRHRD: X. Y
e Mh: WLXIZWLlYI|Z
5. D-Separation (FEA:THI )] Conditional Independences ) 777%)

a. Active Paths and Inactive Paths

i —FKEEHEZA triples VM. —EEAE R A Y HA R —A triple # 2

active RSB, BELEPRAEA R active Ho

e Causal Chain: A— B— Ci{ A~ B~ C (%1 NBAHWED)
e Common Cause: A ~— B — C (%N B Ag M%)



e Common Effect (V-structure): A — B < C (B W %2 8¢ B 5
ML
i, BEMEEFEXT M) variable & given that [1].
iii. HEE B — triple /& inactive [, XK blocked.
b. D-Separation J5Jl]: 58 X F Y Z A FrA KBRS, WIERFTA B AL blocked,
#-4 X F'Y conditional independent.

c. FHpl—
OO
(D
()

i, RFMBMI: RMB#HHER—~T BT, HTEAHENE KA
given T), [PILIX 5K EEAEHE blocked, Kk R A1 B A7,
ii. RAIBGivenT AMI: R B R —~ T < B Eg1iF, THMWEE, K
X 245N active, Al R A1 B Given T AN,
iii. RAI B Given T"Af3: RFIBHW R — T~ B#gE, T° (THE
) WmEEL, KX &R N active, Ktk R A1 B Given T A7,
d. ZH—

i, LM T Given T : LA THEL—R—>T—TK&E, L4 NL
—R—>THR—T— THNTFEZE,
e L—-R—T: RXBWMEL, Active, 4 Blocked.



ii.

1il.

Inference

e R—>T—T: TH#ME, A Active, Blocked.
Rt L — R — T — T4} blocked, L Fl T’ Given T 37,
LA BMY: LMBMEL—~R—~T<~BEE, 4 NL—R—
THIR — T < BN TFHZ.
e L—>R—T: REHEHWEL, Active, A Blocked.
e R—T<B: THEAMBWEL, A Active, Blocked.
Ktk L - R — T < B #{ blocked, Ll BJ#37.
L1 B Given T/R #57: LA B#K L —~ R — T < B&iE, W LA
L—R—THR—T<~BHNTHE,
e L—R~—T: R#MWE, A Active, Blocked.
e R—T<~B: THME, Active, 4 Blocked.
Kl L — R — T < B #{ blocked, Ll B Given T/R J#37..

. P(R):P(4+r)=0.1,P(—r) =09
. P(T|R):

o

B
a. R>T—L (REFFW; TEGAREEZE, L2E2HFRESED
b
C

P(LIT):

R +t -t
+r 0.8 0.2
-r 01 0.9
T + -l
+t 0.3 0.7
-t 0.1 0.9

e. FATHARZEPL = +1)-
7. Inference by Enumeration

a. Step 1: R DAG EE, AEE HBA 510

P(R,T,L) = P(R)P(T|R)P(L|T)

b. Step2: M variable BUE . FRATERP(L = +1), T EX R A T K

IR



P(+D) = P(r) - P(t|r) - P(+l|t
( )ngm;g (r) - P(t|r) - PC+D)
1. Casel: R=+4rT =+t
P(+r) -P(+t|+71) - P(+l|+t)=0.1-0.8-0.3 =0.024
1. Case2: R=+4+nrT =—t
P(+r)-P(—t|+7r) -P(+l|—t)=0.1-0.2-0.1 =0.002
mi. Case3: R=-rT =+t
P(—r)-P(+t|—7) - P(+l|+t)=09-0.1-0.3 =0.027
iv. Case4: R=-rT = —t
P(—r)-P(—t|—71) -P(+l|—t)=09-09-0.1 =0.081
c. Step3: XTHTEIEHLRA .
P(+10) = 0.024 + 0.002 + 0.027 + 0.081 = 0.134
Rk, BRI 0.134 (BRI 13.4%).
8. Variable Elimination
a. Step 1: 1R#E DAG ElJE, AVESE HELE 7
P(R,T,L) = P(R)P(T|R)P(L|T)
BATI A o0 A I G 34 N Factors.
i. Factor1: f;(R) = P(R)
ii. Factor2: f,(T,R) = P(T|R)
iii. Factor3: f3(L,T) = P(L|T)
b. Step2: JHERHE AR (RAMKWHFZER L, % EHRIE
AL F 2 R
i. RATINAEA WA factors ¥ 2 R: P(R), P(T|R). ATKHAHIE, wLA
13225 DU factor
fo(T,R) = P(R) - P(T|R)
ii. THEf(T, RN
fa(+t,+r) =P(+r) - P(+t|+7r) = 0.1 x 0.8 =0.08
fa(=t,+r) =P(+7r) - P(—=t|+7r) =0.1x0.2 =0.02
fa(+t,—7r) = P(—r) - P(+t| —r) = 0.9 x 0.1 = 0.09
fa(—=t,—7r) =P(—r)-P(—t|] —r) =09 x 0.9 = 0.81
iii. FRATX£,(T, R)HF I R #E47 marginalize, Wi/ IEHTA R KIEUEAE
%o BT T

(D) =) AT.R)

o XITT =+t: fo(+t) = fh(+t,+7) + fo(+t,—7) = 0.08 +
0.09 = 0.17



o XITT=—t: fo(—t) = fu(—t,+7) + fo(—t,—7r) = 0.02 +
0.81 = 0.83
c. Step3: VHERHE AR E RN ERTER L, B oATHEHERIE
AT T,
i BRATINAEA WA factors W L& T: f5(T), f3(L, T FATKHAHTE, wILL
13375 factor
fe(L,T) = f5(T) - f3(L, T)
i, T fo (L, T)HI4E
fo(+1, +t) = fs(+t) x P(+1 | +t) = 0.17 x 0.3 = 0.051
fo(—1, +t) = fs(+t) x P(—1| +t)=0.17 x 0.7 = 0.119
fo(+1, —t) = fs(—t) x P(+1| —t) = 0.83 x 0.1 = 0.083
fo(—1, —t) = fs(—t) x P(—1 | —t) = 0.83 x 0.9 = 0.747
iii. FATK f (L, T)H ) T 3E4T marginalize, 2T A T IHEUE
%, BE—ANRWE LT

FW =) foLT)

o XITL=+l fr(+]) = fo(+I,+t) + fo(+I,—t) = 0.051 +

0.083 = 0.134
o WFL=—l, fr(=)=f,(=L+b) + f,(~=,—t) = 0.119 +
0.747 = 0.866

d. P(+0) = 0.134



Lecture 10 Machine Learning
Introduction to Machine Learning

1. ML is everywhere: Computer Science. Healthcare. Retail. Manufacturing.
Energy. Financial Service.
2. {14 7& Machine Learning
a. Jis: Rif “Machine Learning” #: 5 IBM [ Arthur Samuel 7 1959 4%
th o
b. #%/rH#F5R: It focused on designing algorithms that recognize input data (train

data) patterns and predict the target.
c. Machine Learning Algorithms (Learners)
i. Take advantage of data to capture characteristics of interest of their
unknown underlying probability distribution (pattern).
ii. Use the learned pattern and test on new data (output) to predict the

outcome.
d. One Fundamental Challenge in ML (Generalization): U1{A] fi LRAB 7R BE7E AR WAL

o EORFF RAFRDL, AN R -

3. Learning Types
a. Supervised Learning

i. AR (labeled) Hidl, RIEEAMAFEAHAT X LA IR it
i, ARAARAE B AT o) (. WS T, SATE RS S,
i, HARZBIMAR. AT AR AR 2o KB AE) .
iv. %A Classification Fll Regression X K3,
b. Unsupervised Learning
i CARREECH AR, S AN B A W )
i, Jo/Bt, B “RITE” &S AERT
iii. HAHTREYE (i PCA). BEUIRE]. HEE RS
iv. 43N Clustering (5825) A Dimensionality Reduction (JEE#E15 & —
R RETURIER, BAERBGLIEEHZOER, BN &K
SCEE Rl DG R B B DD
c. Reinforcement Learning
i SRR R P REBUTE .
i, 1 SHREEFERPCRR R AN 7. HLas N RE S RERED .
i, > — RIVFHERNE, DI IR (RIS .
4. ML Workflow
a. ML ZEARTAEFE: Data+ Output — Computer — Model
i. Data (I AEHE): 546 features BOWEH .



ii. Output (HARZEE): &MY label, T supervised learning f#]1)II£5% H
Fro HCUnE R 2MIe M, e 2 /%%,
iii. Computer (VFHEML: YIZFEIERHTT .
iv. Model: YIZRIFHIRAL,
b. fERSEH ML IZRimAEr, FRATER TN 2 4h, 75 ZEX 4
i. Evaluation / Objective Function:
e Evaluation Function: AT ZATEBALFIN, HanvERRZR .
Fl 738 RIS RE, AT IFN B RLIR.
e Objective Function: 7ERALIIZH, HTHFMAETE, 238
TR — 2 optimizer RALAS T7 Z i KA ELE S /MG T RS B
WFRATATUAE A MSE. 22 X f. hinge losss 1EM T4
ii. Optimization: A | HAREREUS, 7FE MR A W oA 8
&, W75 Gradient Descent. ZFiiihahss,
c. SEFH ML Workflow

\ . ‘ﬁ
{ Select the learning: |{ *+  Algorithm * Performance | + Predict
| * Learnand
* Supervised :| modify Data selection and Measurements |: * Apply
+ Unsupervised || oct application * Model Selection | « Deploy

* Reinforcement |: * Optimization |
|

|

|

|

|

|

i [

{1 Define {{ Training : .
| Problem Data Learning Evaluation
|

|

|

' |

|

' |

|

|

|

\

Prediction

Final Model
Train Data

\_____________________//

Test Data
Result

________ / ~ —Evaluation. _ —_——————————

Train Data

i. Define Problem
e #iIN: Raw Data (JRIG%HRE)
o ZhfE: WIFAESSEA, Wisr2k. [BH. clustering ik
reinforcement learning
o WRI: EFE]J7VE (superviseds unsupervised.

reinforcement) .

AT

ii. Training Data
o M raw data "PHEEUH Z5 K40 train data.
o AFEEIRIELE. FRHE TR A543 (WIS & supervised
learning) »
iii. Learning
o EFRIFMHAIEMETE (HLURFER . ALK,
o HIMELHONZEIE AT S HEE .



Bty “HIPRAL,

1v. Evaluation

{§i FH train dataset F16IE 25 PP R B R B .

B LR HERRR . F1 08, T2,

Hir e EF SO0 (banifsE S5, EF B
DR

v. Prediction

A I ZR 1T AR AR Test Data REATHERE
PR 2 tH N Z5 2R, AT SePri i . B8 RGUER SRS

d. Garbage In, Garbage Out
i. Garbage In, Garbage Out: U1 R /R AAME (R PE i 2R 2 (-

BiR

BREL A—EL BEE . ARACRIES), AR Aot

BERREAL . IR A B R s s, SRS A A
SEHIOME, FIECR A B
i, [RIRATERAT “ AT D2

e. Generalization

EDA (Exploratory Data Analysis) #RZREEHIE 7 HT: T IR
M. . R, BREESEN: O CoETEL B
RED. BARYES R TR I L ) 4R 55 S A HE .
Preprocessing (TRACFE): JEWEHE . Frdib/H—1b. AbFEHR
PRAE b oy KA B .

Feature Engineering CRFAEMIE): I A RHEMIER . &
AAERENFHE. o A H AR H AR B is, b an B AR RN £
5 BMI.

Feature Selection / Extraction CRREIEFR/FEHO: Bk &AM
FHIE, EHIIRELRAZE.

i. ML R SR HEHE: ML is an algorithm that learns a model from
the input data so that the model can be used to predict certain properties of
new data. YIZREI AR 1, B2 AL BR B0E Hr Se udt A4 2 bl
TR

WATZ BIIRFER) 1-4 22 train model, M\ EF FI%m AN
(Data) W52], MJEEH — AT RLEHAT T A #E4Y . Data —

ML Algorithm — Train Model — Prediction.

BATZ ATRFERISE 525 inference, BFIIZRIT FIFETE F T New

Data _F#H47 il . iXJ& generalization g JJHIAREL —— TE¥ L

ot R A R A BRI .



ii.

1il.

1v.

N7 generalization, AT K4} train dataset Fl test dataset. 41RAM
X7y CED RIS, A0, BEZ AR IIRATGIEHY, HEA
TR R, XEAKE.

Train dataset: F Tl &5z,

Test dataset: FH T PPAL BRI FE AR Wk 24 BRI, BT &
Pz AR T

Ry tel: 7:3 (70% WIZ5 /30% MHERD; 8:2 9:1 iR
W5 B e B2 AR Bl U 5 4E 55 B 2R FE A i 2 .

JoT-XI4> train dataset 1 test dataset [ facts

RGN, MREERIRE . H 70% B I gh maR
CLET 7, HIER 30% FE T, T ASE AR T
BAMESEME, I HREBRE complexity/flexibility .
WGREEIEH BN TMNAER : BRI HE, (AR EH R
PR Rtk L E Yy /T

SRR UL FRAVENE— R IR R, BORXHZ AL RE DT A 4%
SR

B I BB s &I 4> 777 Holdout Cross-Validation

TATKEEHEEE S N Training set - FTAALIZ5; Validation
set = H TN RSB0 AR ; Testset - HT
I AV AL AL RE
a. Training dataset path: 60% % s T HIAHL 5
b. Validation dataset path: 10% %76 Il Zrid FE b ) &2
PAL B A R
c. Test dataset path: 30% FIEHEFERIR e 26 Y fm — kM
PRAL 2 AR I
Validation dataset ffJYEH: Validation results are used to drive the
continuation of the training process.
a. BARIAZ ()&, IENALGEED)
b, HAERE (41 SVM vs. YA
c. 5 Cearly stopping) &Il £ | T K
Validation dataset () ;4R E G LI 3 A G, validation
dataset NREARKREEAR /3 AT, W RE FEUL H EIAIE test
dataset I high variance. JUHAEHIEEEB/NIIEHR T, X PR
RIS B K N T R R U IR R, SEBRrh & AT K-
fold cross-validation (K #7538 XEiiE), XA K43 2 ks
ik, PRV TT 2



Classification: Naive Bayes Classifier

5. Naive Bayes Classifier ] & X
a. Naive Bayes Classifier %&£ Bayes’ theorem, #&—Fl probabilistic supervised
learning algorithms. I THEAFESE A K E MR, DU R K2 511E
RPN R . FATH — L assumptions:
i. Features are conditionally independent given the target
o Y55 labels J5, P features 1 LML .
o SLfp BIXAMEWAEZ ALY 5 T A KAL, EATRERAT A AL
R
ii. Linearly separable: A A T & 2014 32545 o
iii. Same variance for all classes.
o Rl RAE S AN DI, (R VRE SR B SRR IR A AH [F] 7
ZE M IEA 36
o XA THE TR (A G I RO .
b. Naive Bayes Classifier FIJ s Al £
LA IR, TR (i BN R, (BAER s R 20
THE AR, 41 SVM. Logistic [F1J9).,
i, A
o RBKIER, AL
o U test dataset HH i I train dataset A WL HH7 2 1) BRAF AR 2
G, BRI TR,
o FHIAHETECGEAECAFEIR, DI BRI R s R .
6. Naive Bayes Classifier A3 5 7 #

a. Input
i. x> FoRn—AEF D features [ AFEAR ] & Cl—ANE F HEEL
(1) D 4ERFIED 6
ii. Cp: BAUE labels, —3A KK, #ltnk = 1,2,...,K, RaANFEKI
KR,

b. ATIEAF: P(Cilx) HTIRATIMAEZ— classification [7] @, AT x &
features, FKAIH) C & label, KIILIRATIICM) LS EIXLL features 1151
T, &W—35 (label 2414 ).

c. Bayes 2[RI

Px|C,)-P(C

P(C, 1 %) = ( pk()x) (C)

i. ZEMIP(C, | X): Posterior, FAIOIIHAR, £4AEHA x K1
T, HETEAC, HIME,




ii. AMIP(x|Cy): Likelihood, JE7C, A= iz A M Al GEPE .

iii. AMP(C,): Prior, FKRIAS MR CLLAMIRIFEA S ED.

iv. 77BEP(x): HA x HIEBAN S b MR, BE T e REE T
FIT A7 2R B8 DL I 33

K
P() = ) PXICIP(G)
k=1
7. MR AT R R R M S

a. ZHl.
Class (X1,X2) p(Cy) Mk
1 (1,2), (2,3), (3,4.9) 0.5 2,3.3)
0 (2,1), (3,2), (4,3.9) 0.5 (3,2.3)
i. Step 1: &7 ZHikE
1 2
X, =12 3
3 49
1 2 1-2 2-33 -1 -13
A=X,—m=12 3|-m;=12-2 3-33|[=|0 -03
3 49 3—2 49-33 1 1.6
-1 -1.3
1 1 -1 0 1 0.667 0.967
— _ AT — _ — . .
21_3A1A 3[—1.3 -0.3 1.6][(1) 1063] [0.967 1.467
2 1
X,=13 2
4 39
2 1 2—-3 1-23 -1 -1.3
A=X—-w=[3 2|-;=|[3-3 2-23|=|0 =03
4 39 4-3 39-23 1 1.6
_ « _[0.667 0.967
I =2, = [0.967 1.467

ii. Step2: THHAEEW

W= G4 = Ho)2 T = <[3?3]T - [2?3]T)Z_1
3379 —22.28] _

==L 5008 15371°

iii. Step 3: TFHEREIiw,

[—56.0829, 37.6498]

1 s
Wy = E(H?)—Z_lﬂo — W27 ) + ln( )

-1
Ty
33.79 —-22.28

—2228 1537 B [2:.’)3] =77.96
3379 2228

—2228 1537 | [3?3] =845

HeX tuy =[3 23]-

ity =12 33]-



1 0.5
wy =5 (77.96 — 8.45) + In (ﬁ) — 34755

iv. Step4: 7FKEEh(x)
h(x) = wlx + wy = wix; + wyx, + wy
= —56.0829x, + 37.6498x, + 34.755
v. Step 5: &
o FETAE(THIAFEAR (x1,x,), FH sigmoid +5AER

P(Cy 1x) = a(h(x)) =

1+ exp (—h(x))
o LR

~ {1 ifo(h(x)) = 0.5
0 otherwise

Classification: Perceptron
8. Perceptron [ 5E X

a. Perceptron & — MM =KL, F TR B ZE PR T 25 1) . FRATT

HH b S — R MR SR 5 (BRI, hyperplane) KM HdE mid%

F 53 I
b. Perceptron [ ZE AR T 2
D
h(xl') = Z ijij =Wy + W1 X1 + -+ XpXip = WTxi
=1

Hox 250 1 MEARPEFE R (D 4E); w /& weight vector, £ sets the
direction of the hyperplane; wq &k 'B I, 4% il 7E 2= B P AL E .
BARIME, T —2%H%, slope N w, intercept Hwy,

c. Decision Activation Function /& Step Function

- 1 ifwlx; =0
xX;) = Tx,)) = i
yoa) = flwix) {—1 otherwise

B, WRh(e)KTHET 0, HINIES, BN,
9. Error Function

a. Perceptron []%%>] H#5: The learning is motivated by error function
minimization. Perceptron FJ#% 0> AR 218 i £t /Mb— ™ loss function KA1k
B ZH w, RS AT B8 IR 7 R A ISR A

b. Perceptron X145 R IEH HUK: H1T Perceptron HI¥IE BRI E step function, &
R0 w ARG AE R UK, NIRRT RECCR A 7 R R . It
Perceptron f§ ] T without shuffling ['] Stochastic Gradient Descent.

c. Perceptron Criterion



FpW) == D ha)yn == ) WTXu,

nem nem
M: TR IR BIINEARES . h(x,) = wx,: A FHEHE.
yn € {—1,+1}: RFERKIFRZE . WREMEARB R, Wy, - wTx, <0,
d. T SEEr w
i WRSEER: witD = w®, W A
i, PRI E R wEtD = w® 4+ py,x,, Hidm SR
learning rate.
10. ;. HZHIH learning rate N 1.

i 1 2 3 4 5 6
X (1,2) (23) | 349 | 2D (32 | 439
y 1 1 1 -1 -1 -1
a. Step 1: X initial weights Aw® = [5,—6,1], HHEHBMTINAEAR Ay =
5 - 6x1 + 1x2 o

b. Step2: XTFEA[L1,2], H label /& 1.
h=w'& =5+ (-6)-1+1-2=5-6+2=1
y = sign(h) = sign(1) =1
1E#, AEHBE.
c. Step3: X THEA[1,2,3], H label /2 1.
h=5+(—6)2+1:-3=5-12+3=-4=2>y=-1%y
HAEWRDRT, KT ESATER, EXHE, ROEXIEARZ[1,2,3], K
label #& 1, RIFEAAXWED =w® + 9y x,,.
w) =w® +5.y.8=1[5-61]+1-1-[1,2,3] = [6,—4,4]
d. Step4: XTHFEA[1,3,4.9], H label /2 1.
h=6+(—4)-3+4-49=6-12+19.6=136=>9=1
1E#, AEHBE.
e. Step5: X THFEA[1,2,1], H label -1,
h=6+(—4)-2+4-1=6-8+4=2=>5=1+-1
HERPRT, KHFEPATES, EXE, FEARZ[1,2,1], H label H-1,
RIFEARXWED = w® +py x, .
w® =[6,—4,4] + (-1)-[1,2,1] = [5,-6,3]
£ DA

Classification: Supportive Vector Machine (SVM)

11. Motivation
a. Perceptron FIH S : & 4L B hyperplane 58 ZUKHH T VI IGSHAEH (W
¥4k weighting factor). R IIZREHE AT LLSE SR &N 732K, WA AT REAFAAES



™ hyperplane BEMIEIX — 5. Perceptron NS RIRME—/ “FE41”, & HE
REWS SO 5 58 AT S5 T
b. FATEER A4
i. Smallest generalization error
o REURFE AL XD B BRI L REORBF R AR (R “ Bt
587 PR,
o HINLEIRAEFNGHHE, (HACRUER I EdE thh 2L
ii. Similar distances between points to hyperplane
o BT REHRA IR EZE, #adiE.
12. Support Vector Machine (SVM)

a. JEMMHBEIR: {E feature space H14LE]—> hyperplane, 1H151%F-1H | i 3
FRMEE R ROR. X — HAR EHEN . SVM I LT fiffe: S KA margin, 2
EZARETT .

b. 7E linear space ', SVM 4& parametric model h(x) = wg + wyx; + WX, o

c. {E nonlinear space ', SVM j& non-parametric model, #JH] kernel trick, ¢
JE AR N2 (R A ) iy 423 18], 45 AR m] 2 1) i AR 2k m] 7

d. FULARBER A%

i. NB: independence, linear representation, Gaussian: X2 Hij [f] Naive

Bayes (NB) #4515,  FEANARFAESSZNE . ZRPEALARBE . SE50 s

Hro
ii. Perceptron: linear seperable: BEILHI T Lot ml 70 MBise, ASREALEE
ARG A 7y I 1)

e. How does SVM work?
i. Maximum Margin: SVM F#—MRHFEIA T (hyperplane), fifFE5
Y ZREHE il () A TR A 2 PR B d ok (R R TAIRR D
ii. Globally Optimized: SVM f# ] &—* convex optimization, {RiEfF %
K4 R iti. ST, perceptron R AES 2] —N RIS K
fit, AIREHCEIRIAEAL, A —E &AL,
13. e SCRF AL Linear SVM
a. Main Concepts
i. Decision Boundary: The SVM learns a hyperplane.5 Perceptron Fll
Naive Bayes H)—/MXJj, EAMHBMEZR G, 112 B LT 454
SR BRI 7 B T
ii. Margin: & decision boundary 1 support vectors [ £ /)Nt BLFE &5
SVM ] H ¥Rt 2 e KAL margin, 3@ B A6 B A ZA ) robustness .



Support Vectors: & decision boundary it &, R support
vectors 2 UM Fe Y, HAh A2 .
b. SVM A
i Hir: fEIEREIET 0 RINGFEAR R, &H “margin i
K7 BBE—A, IRz LR
i JFARTE AR RATE AL

h(x) = wlx + w,

1il.

o . 2
e Optimization goals: mln% | |W||
w
e Constraints (correctly categorized and satisfying margin = 1)
yiwTx; +wp) 2 1

e The solution for w and wy, is found that satisfies
_ {+1 ifth(x;) >0
-1 ifh(x;) <0

iii. @A TF 5 weighting factor (Lagrange Multipliers in SVM)
N

1
L(w,wy,a) = > |l wlI*— z ai[y;(w'x; + wp) — 1]
i=1
e Weighting Vector Kiz:w = YN | a;y;x; (FATAT J5EWA]
PltEa; =1, a#iFR{E Lagrange Multipliers)
e Lagrange Multipliers Z) )61 XL, a;y; =0

iv. Wi E R E Bias wy

A~

=

— T
Wo =Y — W X;

TESEBRMN R, 8E X 2 SR m Ry, 153
— 1 T
Wo _NZ i —w'x;)

c. HHI (e = 1:

x1 X2 y
1 1 -1
1 1.5 -1

1.5 1 -1
2 1.5 1
2 1 1

1.5 2 1

i. Step 1: iI% weighting factor, K Ahw =YN | a;y;x;, TEAREF, K
MR %a; =1, Hikw =YY, yix;.
« Y,1X =[2+2+1515+1+2]=[5545]
e Yy-——1X=[1+1+151+15+1]=[3.53.5]



1il.

e w=[55-3.545—3.5] = [2.0,1.0]

i, Step2: A Ew, HAIAR AW, =<5 37 — w'xy)

e Nol: yy—wix;=—-1-(2x1+1x1)=-4

e No2: y,—wlix, =—-1-(2%x14+1x15)=-45
e No3: y3—wix;=—1-(2%x15+1x1)=-5
e No4: y,—wix,=1—-(2%x2+1x15)=-45
e No5: ys—wWixg=1—-(2x2+1x1)=—-4

e Nob6: yo—Wixg=1—(2x15+1x2)=—4

o MR, FATIMMER 6

—4-45-5-45-4—4 -26
wy = c =—— = [=433)

HHh(x) = 2x; + x, — 433, BATHIHN AP = sign (h(x))-

ii.

1il.

Non-Linearity

x1 X2 y a
1 1 -1 0
1 1.5 -1 0
1.5 1 -1 10
2 1.5 1 0
2 1 1 8
1.5 2 1 2

Step 1: 115 weighting factor, KoAw =YN | a;y;x;. FATHREH
supporting vectors Z 518, Hla; > 0.
e Xf¥y=-1, 10 (-1)-(1.51) = (—15,-10)
o XTy=1, K8 -1-(2,1)=(16,8)F12-1-(152) = (3,4)
o w=(—15+16+3,-10+8+4) = (4,2)
Step 2: W5l Ewy. BATHIAK AW, = T8 (7 — wTxy)
e No3: y;—wixg=—-1—-(4%x15+2x1)=-9
e No5: ys—wixg=1—-(4x2+2x1)=-9
e Nob6: yo—wWixg =1—(4x154+2x%x2)=-9
WRYE 2~ BATINAIESR 6
M LG LICOME
HHh(x) = 4x; + 2x, — 9, AT AP = sign (h(x))-

14, HBARAE UGS R R 2R PEA AT 0, FATRIZE A 787



a. IXAE— linearly separable AR EE, ZLA87E, WafEf. FRATH A
BRI REIL T (x = 0) B L5323, X IE&Z Perceptron H1 SVM 18 K [

(R
—0—0—0@—6-—@"'—'x
b. AT —/MA linearly separable R4S, ZL05 MOS0 A0, oikid@N —%H
SRUFe
0 X

c. f#YJTS: mapping data to a higher-dimensional space, Et UK x Bk & %] x 2,
BP 5T N —A B E o
D:x - P(x)
TR —MMRLE R (=48 BmdEsE (=4 K&, ¢x)aEXT
B NAFAE x B9AEZR PEAZ # nonlinear transformation, 1|40
b (1, %2) = (x1, X2, X{ + x3)
R Z BT ELNE R0 EdE, Hsen] LB Feature Mapping 2 5 = 4E 5
PRt
15. Some Kernels
a. Kernels A3 (x' BN support vector; x7& T 7 IS HIAEAD
i. Linear kernel: K(x,x") = xTx" GtZ2FA ] LR AIEIE SVM J774)
ii. Quadratic Kernel: K(x,x") = (xTx' + 1)?
iii. RBF Kernel: K(x,x") =exp (—y I x—x' [I1?)
e y>0&—NMHHASH, HXAy =1/207
b. XMEEXE Kernels

RO = ) ik (x,%) + wo
l N

Wo =Ys — z a;y;K(X;, Xs)
i=1
FAMLEHZARXEBANZ BT Kernel A3, H0T LIS 2
i. Linear Kernel: h(x) = Y; a;y;xTx" + wy
o TERIGTEAF, FAThE) = wTx+w,, TATEIHIIT ]
w, BIanfEREfEIkE SVM Higw = XN, ayix;, Hit

N
h(x) = (z al-yixl-) X+w, = z a; VX X + w

i i

o JITULFRATTI IR 45 T8 XA G T 20+ Linear Kernel 58 4255477



ii. Quadratic Kernel: h(x) = Y; a;y;(xTx" + 1)? + w,
iii. RBF Kernal: h(x) = ¥; a;y; exp(—y | x — X' 1?) + w,
=45 (i X 30+ Quadratic Kernel):

x1 x2 y a
1 1 -1 0
1 1.5 -1 0
1.5 1 -1 10
2 1.5 1 0
2 1 1 8
1.5 2 1 2

i. Stepl: BATIARXNAE) = aiy;(xTx" + 1)% + wy, FATILEN:
Hy,(xTx' + 1)?
e Example 1: —1 X ((1,1) "X + 1)2 = —(x; + x5, + 1)?
e Example 2: —(x; + 1.5x, + 1)2
e Example 3: —(1.5x; + x, + 1)?
e Example 4: +(2x; + 1.5x, + 1)?
e Example 5: +(2x; + x, + 1)2
e Example 6: +(1.5x; + 2x, + 1)?
ii. Step2: HHAIN, B TwolIEksr, XEBAMREa; =1
h(x) = —(x; + x5 + 1)?
—(x; + 1.5x, + 1)
—(1.5%; + x, + 1)
+(2x; + 1.5x, + 1)?
+(2x; + x5 + 1)?
+(1.5%; + 2x, + 1)?
+wy
iii. Step 3: tFEAMEwy. AR AW, = ys — TN, @y K (X, Xs)>
IHRATE IR — Dy, EXBEATE Ry, FHHENM K, =
1.

i X; Yi K(x;,x3)

1 () -1 (2.5 +1)2 =12.25

2 (1,15) -1 (3+1)2=16

3 (15,1) -1 (3.25 + 1)? = 18.0625
4 (2,15) 1 (4.5+1)%=30.25

5 2,1 1 (4+1)2=25

6 (15, 2) 1 (4.25 +1)% = 27.5625

SRR BATTINELR AN



6

z a;yiK (X, X3)
i=1

= (—1)(12.25) + (=1)(16) + (—=1)(18.0625)
+(1)(30.25) + (1)(25) + (1)(27.5625) =
SRIGEAVRNA - i B

W =3 = ) ayK(x,x;) = —1 - 365 =

16. Why Kernels? -
a. AEANEEAH kernel, H CF3h¥ BAFE?
LR, JENERTRL: URAT LS AN GRS T30 pl s 4ERFAE
Cheanhp~Fr o, 22 X)), Xt T H T quadratic kernel.

. AFEBNEE: AR B sy, HORRHE#: T .

i, EA . RRIEGERE W REAR A ARH L 2 CR (LE 4 RBF kernel X
MR TC PR 4E A 8] ) Ho8E kernel (H55)/& RBF) AL B 20 %
NNFHIEH A

b. I kernel H A AL H?
L R VPR B RERHE AR 4, ke BT SRR S 4 (A
) “HAR”,

i, fphb: B TFEAAME SR, EE R,

i, A A HEEAT, BI: ERE, RFE BRI
AFHREAR Z [AHTHE— % R 2 (B2 AL .

Clustering

17. {14 7& Clustering System?
a. s —F unsupervised learning, =B EVRA features, {HIEIEH labels. R4
22 [ B0 R I v () 4 R EiigE =G
b. Clustering . 7 TR EEE R AR . Al = W AR P AT .
18. Clustering F L FE
a. FEMLZERE K NMEEE SE 96O (means).
b. ERWE (ERNSO:
i. Assignment Step (73Hl): ERFANEHE R0 HLLE B Sl R O
ii. Update Step CHEH1): XEFAME, THE IR R IEAE 8 ik
Hts
c. PFIEFAF: A EdE AR B EA IR (RIS, k&b,

19. K-Means # non-deterministic ]



a. K-Means BEIEEFIGEAT 45 R AT REAA
b. X AEMKEYIGES 0 (initial means) FJIEFE.
c. WERWIGHIE (means) EFALF, "REFEL:
i. JAHEHAL (suboptimal clustering): K-Means ASF24s 5 sl AR IE A
o B S5 W B AR AE R IR SR R4, AT e R v laa b ik
BAY, FEEERERTBRRL.
i, AEHOHEIRAE—il, SBEELH KL A S
20. UL ] et
a. Will K-means converge? K-Means /& & 28 (RRREARE b S EEE,
H: A—ERSEI R, FH R BRI
b. Will it always find the true patterns in the data? f15RBLXAEF IEMT CAnERIR
FEE4rEH), K-Means A REH 2.
c. Will it find something interesting? I 25 A = X, H I 582 AFFE SLBr A &
——PAE R TR R ME, A 1E .



