CS181 AT E&El
Lec1 iREENER

o BTN

[e]

o

[e]

Elk(10%) 6%, 7E Blackboard E7EEL5ER, FoBRIREURRS
PRFEl(25%) mEE6/ Project, EJI UC Berkeley CS188 Pacman HIXR

AfEProject(15%) FE/GFHE, 1-SAE, ARFEZHITMAR, 7E5.18. 5.20 &7

proposal presentation, 5518& 7.3 FHH{TRE presentation FHE3T; WRERHERHT
MRS, AESTES, HtkAgent / BARIISLEM / LHARNBEZIFALRMNS 5
o IRIEEX. SEUTEMN. RENREZpreRE

HRRE{(25%) 4.20, A%, 15KXHE A4-Cheatsheet; 10AREL. 4itE/EE; EZEIMMER
MBRIEER; TR EE, T eemitEss

HARZ{(25%) NSRS ZRINS, BE¥ETHIG, 15K @A4-Cheatsheet, 17EF—
6.22, 10, 5ET,; TR FE, AFmHitER

o BEBEEIEGIthub EAIIEL
o B{HfEbb, HPiazza, HGradescope
o HIEFBRISKERNS, FRNGEEERRISANTIATEEIZ. HUSHBHE

3MPAIRTE

o FFSEN Symbolism

[¢]

[¢]

[¢]

[¢]

FRFFSHRIATURET AR

1£1950-1980F HES, 7£1980-1990F B HASEEES, £2000-201 0 IFIHESALES,
F£2010-2020F 1R RE T RS S

AR
WELZFS), BERE

o E}ETE W Connectionism

o

[e]

[e]

o

FREIEAEA TR R AR SRR AR

19405 FFHIAAR, 1970FAIEE, 1980FWEHAIM, 1990-2000FHHE BT A,
2010FREFIFRGE, 20125808 TIHHENERE, 201554887 BAIESAENLP)
RIRYF, ENIEE

e, TREE

o #HitE )ik Statistical Approaches

[e]

PR BRI AR

o MT990FFHABEANKRRMEF, 20005 Ax2Ecitz, £2010FEHREFIiEM

[e]

TIREME, T

o ENME
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Lec2 {83
ERDTAIEN

o IK7ZS[ State space
o SHERRZEN Successor function

o FEIRIRZSFIBFRINLY Start state and goal test

i EA LT b ES

o RRMIEE Informed Search: Greedy, A*
e HH#¥EZE Uninformed Search: DFS, BFS, UCS

BEEX
RERFIEE DFS
o MFmEbTH, HEERE O(b™)
o ZSEERE O(bm)
o NFIRRERNTE (FEER) | 280 (—ERE— BIRRS)
o F—EEREIIRR
I"EEfi5iE3= BFS
o MTFERRATESSEMbIN, BEERE O(b°)
. SEERE O()
e
o (ITFFEDRUESHERT, —CaREIB R
199 AIEE UCs (RIIEfZ/IDijkstra)

o BERFZBRIALMERIETRF, METRIXHNEKESR/NMITR
o WMENZBRTRNEAANC*, TIERDNMAZE e, BA ERFEAEN S, WHaSRE

C

O(b<)

.« FEEREOLT)

o I AIERIZE

° BEREIRAHR
RMEZE Greedy Search

o RERBERRH (RAFEEMASIESRIMG) , DFSEAEARMRRNTR

* BINMERZRMEIDFS
A*#E3E A* Search

s RERBERRHIMET RETRIEBZIRARENTR
A*RiEER

o B2ERASEZRN, NHTEE, Rt —TRESEREA
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o FE—AIEZRIAIMIssible)FAREEN

s WTFARSX (FEPREBREERMEHTR) HEEREN, Bx8E&MA
A* BIR

o HHF— N BEEZRK(Close set), BEAINTRBACSHERER, FBESREHF

o FEE—/—EHI(Consistent)FAREL
o TERHERIMN

BA&EE Heurisics

o TIEXAY Admissible: MTHHIATR, ERRHEERASMELFRERIEBRASHIIES, Rl

o —HHY Consistent: ML, FIMEIEE 2N TLRESNETH, B
h(A) — h(B) < h*(A — B), Hhh*(A — B) ErsmaARS SBHIRIES

RS

(BT TSR et

3 = e, imali
8 B =4 (Completeness) B{L1E (Optimality)
DFS o(b™) O(bm) 2 (FEFHE) &
=2 /\\jJ % %
. o) o) = = (RENEEME
B)
ucs o(bC/e) OB/ B (HIUAIE) 2
Greedy o@™) o@™) = (FRETE) a
— — = 2 (REREEH
AxTree | HRENR BER = Admissible)
A* 2 (FEREH
p—y — =
Graph LEs LEs = Consistent)

Lec3 YR EIREE Constraint Satisfaction Problems
(CSP)
[FIREE X
o —FhEVECISHIRFIERAVIRR, KEIEMZERE HEERIERR
o HEBLRAIRHET, MWiE—HTEANERYEIR
o iR : ZTEVariables X; , {EigiDomain D g} D; , #9%EConstraints
* f5lgn:
o EHEMRMESE: WwESEIE, N-EF0#, EmRHERE#, B BHnMmE
o BETCIRMESE: (R IEEE>R
o IELMENH: ZMLIRIBRT
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o K7 State HERIEMENZEENX, BE4EREL Successor function H4EKRIEENZTERE"E
X, IR Initial state EEMWERT, BiRIX Goal test R EFIEARNERETEH

[o]i#f#£ 3= Backtracking Search
o B—YEMELNCEMENTEREBMNSNR, EMFE, NIZAIER

i€l : IEM#SE Filtering: Forward Checking
o HEMIMENEREY, B—LSZINEMEAREENEE, RS FaURIER
o REFARNTEEEANT, NIEBHZSEILHE, BRI

B : £95R{EHE Filtering: Constraint Propagation

kil (30) —3iE Consistency of an arc

o JIHNEHPTRXNNTENENEE, XNAILALET AREFAESZNEE, NWRXEARLE
—H(Consistent)fy

HRIEES X

o MTE—FLURA, FHT MK, MRLM GIESTRLH) IF—FR0EE, WRRIE—
HREE, AEFRESZEEEXNAEHER

o YT ER. SAEREIENCSPIEE, HTSRE: O(n2d®), THitH O(nd2)
HEF: &/\FIR(E Ordering: Minimum Remaining Values (MRV)
o RRSTEENERIRIRERINTE, LIESZARRER, MNEELH
HEE: &/USR(E Ordering: Least Constraining Value (LCV)
c BERGIEESH B SHERMEZTEE TRSURESHE
4513 PRRCSPIRRE
o MNFFRIRICSPIIE, FEEZRER O(nd?)
e X

o SAERHE—MR, ABIEEREA—EN O(n)
o NEREMFERR, MTE8NMNMETR, REERXFTRSZTRZEEMA—EE, 7l

BARAETAEER O(nd?)
o WIRTSESTFHA, (ENAZNE, MEETFEEO(n)
EREE
o SRER—AEATETE, BRIERMRIDSRATEINE, HARRFE4R
o BASHIBERTRIR, (BARNE/ TENENSEEINENIEEE
BER¥ 2= Local Search

o REENI—B7ENRE
o BIRERE (BHBSMEN) M—XML
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&EHLE X Simulated Annealing

o BR=EIHBENEN
o WFREHFHSEAIREE, SRS Accept
o WTFHEEENHEANEE (BsANKT) , He T #RES, Heh AE % worse degree

iB{EEiX Genetic Algorithms

o RETHNRIFNET MRS
o RNFR'EMRE, HRERZBIFNE, AREMLE

Lecd ¥JntE=% Adversarial Search
b o

o HHEM/RENIME

2]
S
B

SEES

ar Iy S

oF
Al

)
dit
B

ffRE iR RIE X
o K7 State s
e Iz Player P = {1, ..., N}
o FE Action A
o HEREZERE] Transition Function SxA -> S
o ZHMIK Terminal Test s -> {true, false} (FIRFIRALER)

o KimsiFl Terminal Utilities sxP -> R (RZIEIBELERSEAIER)

WS
s BINHEATR. WSEEEBENL, YIRS AR—HRN
o BN FRRIEEN AERIFHANFHRIIRKE
o BMMFHRENEENX HERPAERILE mI A

Minimax

o WFWAIRL, —ASERANSASE, —AsS/IMEREHA

o FUERERAITH, KERA—Emax (E=/A) —Bmin (T=A) : 8—EBEFHRE
max/min, 3ZEHT

o SZEXITFOFS: HASHRE O(O™), =EELE O(bm) , HHRRE (RNRERE) A
m, BMRENFIREEND

o IEFMAILURIE, (EREFEITS

o RE: REMTRE, ERMETHERUREE

o RF: BIHRIBINSAYETTREY Evaluation Functions
o RE: I NBNER, 2B, REIRFEL
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o (& HBIHMHZML Convolutional Neural Network
ffitb: B35 Game Tree Pruning

o BETNVENSEULEE
Alpha-Beta B3

o XFFMinimaxixigysEfz
e aF R Max IIRMNHFTREMRT AR EROREEE

o (%R Min IERMERTHRERT REVEE CRRERE

def max_value(state, alpha, beta):

initialize v = -inf

for each successor of state:
v = max(v, value(successor, alpha, beta))
if v >= beta:

return v

alpha = max(alpha, v)

return v

def min_value(state, alpha, beta):

initialize v = inf

for each successor of state:
v = min(v, value(successor, alpha, beta))
if v <= alpha:

return v

beta = min(beta, v)

return v

o AFLEHTABIFDFSER, MELENOTE
o MTEEMEEEN, EERE O(b™)
o MTFSEHRIERR, ESRE O(b™/?2)

o AlRERYE o — S ERIIE (MWEFEADFS) | BEEAREFHR, BFEEMALTR (Fa8
CHRTR) EARREFHIR

whEtl: IZHAERIEZE Expectimax Search
e —FEmax (E=f8) , —Echance (&)
Expectimax Search

o SIFHFMEE, REAET S ANEE
o MFESHEIE, REFETSANEAR

Lec5 fpEiZ4E Propositional Logic

EFHIRERIAI

o XMiRE Knowledge base (45EHY)
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o HES|ZE Inference engine (FLFAHY)
F.xViBS Formal Language

o EE HAOFEREEN?

o BN EEMEE (BiR) T, fHABF2 True B False AJ?
fpeiZ4g Propositional Logic
BIEIEIR (B IRIRME

e — 3JE negation

e ABHE, 5 conjunction

e V#EY, =k disjunction

e — ZE& implication (BAXELIYAT)
o <= WEZAA biconditional (EAXNEFLIYH)

iZ481EZ3 Logical equivalence

(A B) = (BAa) commutativity of A
(V) = (BVa) commutativity of V
(aAB)AYy) = (A (B A7y)) associativity of A
(v pB)Vy) = (aV (B V7)) associativity of V
<(-a) = a double-negation elimination
(@ = ) = (-8 = —«) contraposition
(@ = B) = (o VvV 3) implication elimination
(@ & B) = ((a = B)A(B = «)) biconditional elimination
“(aAB) = (maV~-3) de Morgan
“(aV ) = (~aA—f3) de Morgan
(@A (BVYy) = ((@AB)V(aAvy)) distributivity of A over V
(@V(BAY) = ((aVB)A(aVy)) distributivity of V over A

&iXZ50#%RE Validity and Satisfiability
o Gikvalid: EFTEEE T Etrue (ES)
o TOJ#RE satisfiability: TEFRLAEAI Rtrue
o O[i#ME unsatisfiable: AE(EAREEI Rtrue

i3]
o |=iBXZES, #HH Semantic Entailment: —Fh{ERTE O AEHEEL FROHETE

O Today 1is Sunday. |= Today is weekend.

o |—ilEBA Proof (GJi%HES: Syntactic Derivation) : —FhXIHEERAE
o model checking E{EZ*a16
o inference rules #EIEINIERR
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JFZEHEIEFN) Resolution inference rule for CNF

o BEGER Conjunctive Normal Form, CNF:  (BFFANapiek) Sk
o (AVB)A(-BVvCV D)
o WTEECEI, MR MESARNEGEEER, NEEBCEAIXE MESH LKA NMNES
RRTE e EHERAIZER
o (AVB)A(-BVC(C)|=(AVC)
o (B) A (—B) |={}, =@t False

Horn 124§ Horn logic

o nPEIHRRIZpremises [EAYALIZ, MEEHEHLEIS conclusion:

0 Q1,09 ,0n, a1 Nag N - Na, — ,8|=B
e nHLIAO0, BR o, SHHAIEFNGRAMS (WRRREMAIGE, FeeEmanvirsE mana
a)

BiM#%#E Forward Chaining

o FHIRTHAVHER
e XJF Horn B4, BIMEHEESEERAHEE
o NEXFKMFFIR, B3— Horn 74 (Horn clause) BIBHRRIZEEBNIL, NIASEERABIL

function PL-FC-ENTAILS? (KB, ¢) returns true or false
local variables: count, a table, indexed by clause, initially the number of premises
inferred, a table, indexed by symbol, each entry initially false
agenda, a list of symbols, initially the symbols known to be true

while agenda is not empty do
p+ Pop(agenda)
unless inferred[p] do
inferrved|p] + true
for each Horn clause ¢ in whose premise p appears do
decrement count|c|
if count|c] = 0 then do
if HEAD[¢] = ¢ then return true
Pusu(HEAD[¢], agenda)
return false

RIE%%H% Backward chaining

o BEfRIREIAGHEE, WECTHARMEHES: RS, FECTIERMFA
o ZMBfRtAR, BRAT, BNEKHENRMT G, nEREMERE TR

ZIEHRIZ Logic programming
o EN|AJRA Identify problem

o IE(EE Assemble information

o JHRZ{SE Encode info in KB (Knowledge base)



af://n398
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e YBAIEESL Encode problem instance as facts

o IRHEN, 1BITKARES Ask queries

Lec6 —fj1&4g First-Order Logic, FOL

—Pt (iBi7)) i1Z%§ First-order (predicate) logic

o Bk
o XJ& Objects
o XX Relations
o RE Functions
o BIEMS
o A Connectives A, V, —, =, <=
o ZF& Variables x, y, ...
o &id Quantifiers V, 3
o %5 Equality =
o IFBERS
o ®E Constants shanghaitech, 2, ...
o iEid (¥¥rH) Predicates >, isBrother(), ...

o [&#L Functions sqrt(), Brotherof(), ...

aF

e JEFA) Atomic sentences: predicate(terml, ...) BY terml = term2
e IMTerm: constant B¢ variable Bf function(terml, ...)

o 5744 Complex sentences: FBiE#ER Connectives IEHERFG
7
2SRV

e {Ei%: V <variables> <sentence>
o VxAt(x, STU) = isSmart(x)
o —fi¥KiR, — EREERGEFENEERE (FEFER N KE — )

FESia -

e Ej%: d <variables> <sentence>
o dx At(x, STU) A isSmart(x)
o —KiR, N BFEERNEETFENEED (FEFER — XRK& )

SRNEE

o E: VaVy = VyVe, dJedy = Jydz, BR Vedy # JyvVa
o (FRAFPHNTEENIZFEEIANLIR
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ETE
2¥RsEHl4E Universal Instantiation (Ul)

o WFIED Vv, , ALUE Vo BER v RSEROTFE g (ground termER) , Fv, o
o TATIRSTOHLESR

F1E3E6H4k Existential Instantiation (El)
o YWFED Jv, o, FLME Jv BA—ME—RIFFE C1, B C1, o, HA C) #HFRA Skolem

constant

o XAMNIRRREEHITIR, #HFRASKkolemization

— BRI
o SEFBINERLAIL, B—IMBIEZEENImRUZIE (UYL propositionalized) , AEH®
EtERITE

o EHE: MR—MIF a BEBH—P—INBIREENIRE FOLKB B () , EF o BREHX
MIRENENERFEERES ()

o THE: —IMBRZENHEERFAIHEER semi-decidable:
o XFEILUEHRIGES, FEEERILUET
o WFARNEHNES, NMFEREEILRET AR

o H—f{ Unification: #XEI—MESENENR (THL) , BEIPRRNFRELDERE—HF
o tNEMSDE standardized apart: BRETEERSHE—WEME
o E—f%E— most general unifier(MGU): FER—KRIIE—, EXEEHENENTERE —

A9
—figiEiZ4ERHornF 4] Horn clauses

* p1 A Ap, = q, HEF p; WHRFE, MABEEHESIRENN
o "X ETERI Generalized Modus Ponens(GMP): 33Fp, - --,pl . #EEDP,0 = p,0, BE
P11 Ap, = q, BBAFATATLUEIEH qf

BIRSEEFN R[M4EE Forward and Backward Chaining

Example knowledge base

« The US law says that it is a crime for an American to sell
weapons to hostile nations. The country Nono, an
enemy of America, has some missiles, and all of its
missiles were sold to it by Colonel West, who is
American.

* Prove that Col. West is a criminal
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Forward chaining proof

American(x) n Weapon(y) A Sells(x,y,z) A Hostile(z) = Criminal(x)
Missile(x) A Owns(Nono,x) = Sells(West,x,Nono)

Missile(x) = Weapon(x)

Enemy(x,America) = Hostile(x)

Owns(Nono,M,), Missile(M,), American(West), Enemy(Nono,America)

Criminal{ West)

WeaponiM1) | | Sells( West,M1,Nono) Hostile(Nono )

American( West) l I Missile(M 1) l IOu'ns(Nono. Ml )I IEncm‘\r_ Nono.America) ]

Backward chaining example

American(x) A Weapon(y) A Sells(x,y,z) n Hostile(z) = Criminal(x)
Missile(x) A Owns(Nono,x) = Sells(West,x,Nono)

Missile(x) = Weapon(x)

Enemy(x,America) = Hostile(x)

Owns(Nono,M;), Missile(M;), American(West), Enemy(Nono,America)

{x/West, y/M1, z/Nono |

|Amcrr‘cad Wesr)l | Weapon( y) | [Seﬁsf West, M1,z |

[ [ #Nono |

Hostile{ Nono )

I Missile(y) “Mr'ssr‘!eJM 1) J |Owns(.\'mo..m)| lEmm.\'(.\fono.Americ'm

[ wM1} [} [} [ ]

o IEiRIEEAESRZER MEE Backward Chaining
—PHhiBiRiZi8AYY3LS Resolution

o WFRNFH (XF/XFHEEAE) LV -V Ifmy V.- Vm,, FEIFE
Unify(li,—m;) = 6 (BI;0 = (—m;0)) , WETLAEH
Lv--- VLAV V-V Vmi V- Vmi_ 1 Vmi V- Vmy,
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Lec7 MIHAMLE Bayesian network
#X== Probability

AHEM Uncertainty

R
e [BEHIEE noisy sensors
o FHEMLEER uncertain action outcome
o EBSETWN partial observability

o 1RERISZVMEL immense complexity of modelling and predicting
L Decisions

o AL Utility theory FAFRNMRETF
o JRIGIRIL Decision theory = R{FEIEIL + 7RIS
o FRABANHENMA a* = argmaz, ), P(s|a)U(s)

wB=sH

o JEfA. A1

o XTFn i EM, BNBEMEIER, HERESMERNSHINE 4" 17, XEFUEZH, ELFEER
14

. BHE-RIISRMES
. BESHEBAHERET SRR LT RERNTE
o FpHEE

BIZ=ERR Probabilistic Inference

»

BT EEHERT Inference by Enumeration
o EX: NEMAIEIZES HARAIHTZR
o IF#EZE Evidence variables Eq,- -+, B, = e, -, e
o HiaJ3E Query variable @
o B&F-& Hidden variables Hy, .-+, H,
o (EHXSEHHIZERY, NEREER outcome)
o BRMFBEME P(Qle1, -, er)
o S
o EEBXHIFRE
o MREEBRM P(Q,e1, - ex) =D p1...p P(Q,h1y -+ heyer, - er)
o |IF—ERIRMEER
o (BEE: BHAFIEEASRERA O(d"), FaES
U N+ERiEERT Inference with Bayes' Rule

o &T(;;EZM The Chain Rule P(ml, Lo, ,mn) = HZ‘P(.’B@‘|.’IZ1, ce ,-’Bz‘—l)
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o MMHEIAT Bayes' Rule P(z|y) = %P(w)

o P(|%R) = St P(3)

MtHM4E Bayesian Networks

3714 Independence

o WANEZERMTAY, BBNE VL, y, B P(z,y) = P(x)P(y)

o WNEEX yERMZFMNN, HEXH Ve, y, 2,8 P(z,y|2) = P(x|2)P(y|z)
HHRRILEE N

s TR FEEE (SBEENE)

o 4 BHEXR, WRFMHEX (BROMHESKFMHHERR)

* BRJERE

o ZHEERER Conditional probability table, CPT

o BRI N FOIRESEMEITRINENER TS H
o WFENMEE. RABEEBEND. SARXTAEEAKIINMERLG, AN O(nd )
o MNMHNERRIERMY, ~—ERRIEFRIIESRY

BT/ SRR T
o WTHENZEEx, BEQTRNERT, xSHEMEHFERTR ERTABM) 7
* BREKY Markov blanket: HFFUERX, BEHRQTM. FHAMTFERNEERTEM

o BABREATCHNDRITRBIERLT, SHERCEREHR
o B (ERH) : BUHERS x >y > 2z, W x 5 2z FT; BRAE v HEBET, &
P(zfw,y) = B = ZEPUWDPED _ p(oly) , utie y B9, x 55 2 ST
o 5l (HE) : BIMHERLE x <-y >z, W x 5§ z F7; BRLEE vy NEHET, B
P(zla,y) = Sptsl = ZUZEMEEN — P(zly), SEA y B, x 5 2 S8
o Gl (ER)  BMMERE x >z <y, 0 x 5y 87; BRAT 2 MEHET, x 5y R%
e,

BEEERRYSE D-separation
o [BIRR: WFXYZ=ENSBRENTR, TATEZIEHRT, XHYRERMMI?
o — /=T triple 2BUEM active, HENHEUT=MERZ—:
o [HERHEA->B->C, BBEKRBINEN
o HE A<-B->C, BBEXRFEMERH
o B A->B<-C, HBEBHENSRTAHWNET
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Active Triples Inactive Triples

0~@-O
oo

€ §

o —RIRFRRECEM active , HBENHKR LG =TTHEREIEM
o —XKIRFZZMAZEAY blocked , HANHEREEETED—NERER inactive =7t

o MRFEM XE Y RUBKIZEDEMEZRT, WIRX 5 Y E Z FZHTHBMRASE d-separated 7, LAY X
5 Y HEE Z NFEM T RMIRT

PRRER

s NEREBEMFEUTRARELEAITH, BREUREHTRHEXIE, TREFEESHNSH
o HEIRMBEIMFRIFERZ NP-hard B9

1K= Plate Notation

g/Re]kf4E Markov Networks

o LME (FIaEBH)
e RKH Maximal Clique: T2FE, HEIIANFI—HEDAEHIFrEETEFE
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o B—HBHZ =, Uee(zc) BRCADRAXMENE, ¢o(zc) HEICHISE potential,
o BEICHFRE R

. BABEERTFHEZR p(z) = Jovcld
o TRXHIS/RAIKB Markov Blanket B SxEEIBENNAE T mES

MHHRRILS -> DIRET KRS

o ENBMINEEIRATEL; B moralization (REFHRMNRTAZIENELR)

MNtHEAMLE, S/REIRMLE, 258
o “EHEEZEEMEE Graphical Models; BRIVEREZRHKE ST, BER2TEEEAR, “HRRIK
I M EEARE
o MR/ S/RAIRME AJLAB e iBRI =iz
o TMHHEIRLE/S/RA] KM ERREMTUERL Generative Models (RREAS D TRHIIELRY)
* FIBIKEEY Discriminative Models RROFHIHETTNER, BIEEERRBLETIHE (54) TRORMG
yaric]

Lec8 IUATHRMI4E : F5AIETER Exact Inference

T 5;Hf& Variable Elimination, VE
o FENMHEIMEEH, NWFiaEsdE, FiIESEEIKIVEEIRSLER, BEXMMIESREIAEN
SEETRFEL. INEitE
o FEOILIEEIGKINSIERTBeMIETREAEE, JokilfGi85k, ATLURITESE
Bl Factor

e [AF Factor E— "2 MRE, FRFMHMERE, HTEFRREN, BFNEESR/N (P(LIA,
B) #EARTF P(L|True, B))
o AFHIARNEXT MR RFAITE, BIETFAOLEEL

BESTESEEEE
o BEZNAT, BRFHHEXNTERER, FAHNEE
o BERFHITTEARR, BENHHFANITEEREF
T &iEPs Variable Elimination, VE
o EXITESRETENSMERNT, TTLSCEEMTEXRITER, e EsaTEgiE
o ARER—FY AAAH
o M, BRINFARESHITESEXEARR
o T EHRIR B/ BSELEHEKE FIIERE
o T—REF, SHEMBEEINFENP-hardiml@ (RTLAR3-SATIIZUMK)
ZM4EH Polytrees

o ZNEH: BRE, EAEENHEEIRERA
s ESME, VENERESTREELMXRER
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» EFE Factor Graph: B3ZENAFRETRI—IMER—SE, RFEXENEFZERIE
8, BETREFEINEE, BFPRErs— MR (RS TR) SR (LR
BRHR)

Bayesian Network Factor Graph

o HENVF: (MWERPLZEERETT)
o 1GINMERMEEEH N EFE
o HEINZEFMRTR
o NMHFERERTR, WXEEZE
o MTHIAE, BAILURRATIIERITE, BSRIEIER

LecO IMHHERMILE: (&itiERT
* 4 Sampling

. BiF: HEH=
o BME: NRREDTE s ShREE N AMER, HEUPIBBRET p
. EEERE: O(N)

W HrPIEEFRRISREE

o EXESIHETNSIEHRERERETS, KERAERINLWIE
o EAEBENNMETNG, URRBREFMMR, RENFHHR

SGI&RHE Prior Sampling
o TERMHUT, SCRBBUHRRSHIEINGT, FEAERENUHRRSHERE, B8 N K
o WF P(Q). Kt N(Q), At P(Q) = X2
o XIF P(Qle), KAttt N(e) i1 N(Qe), Bfiit P(Qle) = Jo?
o REEITREELMRAY consistent, BIEFAMERB AR, EREFHN
. BELERSTHRIIRE
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{E45KHE Rejection Sampling

o WFBERAKMTEER P(Qle) MR, SILATEERMEN MHETRERSEFR, WFABEERM e 19
B HLIRRIEER: Reject

o ([BEXNTHILIER, BrlfeiMEREIRF
{LIZRNN4 Likelihood Weighting

itHidiE
o BEIHE (FHXR) e1.--- e

o WFB—REE, WFE—TLE;:
o BEMINEw = 1.0
o MBLE r; DHETE, WS z; — e;, HRENEN w 1= w x P(z;| Parents(z;))
o WMREE z; FAREEEE, WEERE P(X;|Parents(x;))
o WFEREREE, IRE (1, -+, Ty),w
o BENTENRENGR, LINE w K, SELBPaFRMHiER
EBRSRRES
o TILUIRRA—MXIIERMTERE. NEHEETENGE
o Z2X{mAY consistent
o MLTIRBRELER, WTFHIEARRMERERYEM
o B bEHTEEANTHNILEHE, SHERNEAELRTS:
B FARER DR (MR TEERE, BRFAZIME) , SMENMEHINER SR
N, SEUNAEERZBTE
EHMMEREE Gibbs Sampling
itEigE
o EEAMBIHEZEAINE
o LUERERTWRTENMPHERE

o ERREFT: BE—NMPHEXZE, BEHECZEARE, NEHSRIXBERRENENFYE, B
P BT RREE, AREERAERRNE, ERAEZENRERA—EFE

o BENTAEMABERTE, SR ASRMHTER
RER =3t

o 2R consistent

o RATIVANUT EZENERMNTR, XENB—MEAEENED 1 HEMHEAR

o VIAEISTHEN, ATRE=ERE (ATUERRE—SPOHER, B MRE)

o BATREUFENNAR, HAZBRBRN, FLERSZERN

o TR EHER, SHITRETEEETENSHRXMELEIAE—, SBURE
S/RAKESIFRig§ Markov Chain Monte Carlo, MCMC

o —HETH—RIENMETHEE

o BFRSMURETRI—FRS
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Metropolis-Hastings HiARS/RAIKHEEG RS (MCMC) A UEIEZ—, BTAERE
BirnTn P(x) PR

Metropolis-Hastings &i%:
o MBS g(z'|z) hRE—R
Ny . P(z"g(x|x' rx s -~
o LUEER min(1, HHANT) ) AR
o fEIRXMIFE
EETREER Metropolis-Hastings EiEA— M5!

Lec10 BI5H#X=Z<IEIE Probabilistic Reasoning over Time
O/Re]JKtEB! Markov Models

NF—FEHIEE Xo, X1, - - - GEENTERRATIIENEZE, BB XE=L5ANER
HEZERIHE—MRER, EEJLIAKE
B P(Xo), P(X¢| X¢-1) E&
BasMm: P(Xo, -+, Xr) = P(Xo)IL P(X¢| X¢-1)
SEARMHERIR Stationarity Assumption: P(Xy|X; 1) = Const, BIRZSEERTEEZAMNIEER
g

(—B") B/REIKRRIZ Markov Assumption: X1 FE4AE X, BEHET, 5 Xo, -+, X1 &4
3z

NI E/RATRERIRA X (MR TRINDNRERIEE (BEREH, n — oo)

19759 % Stationary Distribution

LYREJFASEIE t — oo FHEER P(X o) 2T EE, BSMEks P(X,) F%
AILAR Poo (X) = Pooy1(X) = 3, P(X|z) Poo (z) KA

fa5/Ru]KiEE Hidden Markov Models, HMMs

BRENDRAYXMER, BEFEERWN; REENES/RAI XSRS —ERIIEE evidence E;

* Hidden Markov models (HMMs)

= Underlying Markov chain over states X
" You observe evidence E at each time step

Q=)= ---»

o [RE/RAIKIER HMM:
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o #I¥A%7H Initial distribution P(X))
o HEFEIEE! Transition model P(X;|X; 1)

o K&JEAR Emission model P(E;|X})
o BRENT: P(Xo, X1, B, -+, Xr, Br) = P(Xo)Ilim1:r P(X¢| Xi-1) P(Et| X4)

o Jhizth: HEPRSEENSRI—RESEX, IHEZENSIPIREEX
° %EJ'Xa,"',begXa:b
EBR{ESS Inference tasks
i€l Filtering
o Bflery, P(X¢1]|Xy), P(Xo), P(E¢|X:), 3k P(X¢|eit)
o {EEESHTRILE evidence, HEMT=APIAT
o HiIMAE;X Forward algorithm:
P(Xii1lerir1) = P(Xiy1lers, ei41)
= aP(et1|Xti1,e1:4) P(Xey1lers)
= aP(er+1]Xt11) P(Xii1]e1+)
= aP(et1|Xti1) th P(z|e1s) P(X¢i1|ze, e1:)
= aP(ei1|Xe1) Do, Pailer) P(Xip )

o Hrh, o AIENI Normalize, P(es11]|X¢+1) JEH Update,
>, P(2ilers) P(Xyy1|z,) 93 Predict
o Hfa= gty —RRIHE, MREERME—L

o WEATTLUM fr.0 = P(Xo) FHE, R f1.0.41 = FORWARD(f1.1, 141) &REER
o FHEESZER O(t|X|?), Heh | X| HIRSHE

Example: Weather HMM

P(s)=05x09+05%03=06 P(Xi.1ley) = @ Ple, [ X,.) \;zr Plx; | ey.) P(X,.q] x)
0.6 A \[
predic[ 0.4 P(T) =05%x01+05%07 =04 Mormalize Update Predict

lupdate &
normalize Wy, | PIW W)
= f(sun) =0.25 .
f(su_n) 0.5 ( ) ) _ P(s|u) ®06x02=012 sun rain
f(rain) = 0.5 f(rain) =0.75 sun | 09 0.1
P(r|u) « 0.4 x 09 =0.36
rain 0.3 0.7
W, P(U, W)
true false
P(W,)
- sun 0.2 0.8
sun rain
- rain 0.9 0.1
0.5 0.5

o REEERLE State trellis: FENFTHR, IR Pz 1)Per]z;), BERENREGETA
FOIX KR RE A ET AR
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Fiill Prediction
o BRI P(X¢le1s) (GERIER) , P(Xi41]|X;), KP(Xiirle1s) fork >0
o BR: P(Xilerr) = >, P(ztlers) P(Xiv1|we), BHEORBEIP(X1ik/e1:)
o EHEIEZE: JEK O(t| X|?) + Tl O(k|X|?)
;& Smoothing
o BRlews, P(Xo), P(Xi1]X;), P(Et|X:), R P(Xylers)for0 <k <t
o FiA-fEMELE Forward-Backward Algorithm:
o P(Xglewt) = a- P(Xklenr) - Plexyi:| Xk)

o WF Plept1:4|Xr), BRIFTHE
Plepi1:4|Xk) = X,,., P(@r1]Xk) - Plekta|zrr1) - PlerotlTrr1)

o FHEISZUE O(t|X|?), =aszuE O(t|X|)
EAJHEREEE Most likely explanation
o BHIP(Xy), P(X:|Xt-1), P(E:| X}), e14, Kargmaz,,, P(zo.t|e1:t)
e Viterbi algorithm: XFEIEIRIEMAT ¢, REFEZINSHSEATEEMERE:
o myy(zt) = max,,,  P(xitlei)
o EHEEH: miys = VITERBI(miy, e411)
= P(€t+1!Xt+1)ma$th(Xt+1\CEt)ml:t [¢]

SN NTERM4LE Dynamic Bayes Nets, DBNs

o 1BHTFIRE/REIKIEEHMM, DBNES—RIZIFILAE SN EEMEZ NI ROEHE
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RBIFiEif Particle Filtering
BR5IA

o LNESE | X| K, BUREEL:, WATERSHAHEIE Exact inference MELATE

o EE—MIRA, EEAHE, (EARMESEIERRHRE MBS IRZE AN E CRME
&z

o BAI—MEAZT(E (IR ARHE") , BMFEREIRA— LT particle

o BRREETIRNIFRINERTES (IRIEVT=RARBE, FIVMBEREREHITRE) | 1BRF

o BMIFLERDM x11 ~ P(Xiq1|z:) REEREERS
o WMZE, HREMRZIFSEE evidence BREGMEAKIFANE W = P(et|xy)
BERFE resample: WENERIHEAR EFITRE, ILEMIFNEREN, BRADHEINHEINDSH

Lec11 B/RuJkRFK1TFE Markov Decision Processes

AREIEZ Non-Deterministic Search

s E—MIXBEEEF, Bl

o MWTFENARLMR, FHEKATE

o WTE—LHH), WEE—L/INER living reward (AJIEAJfR)

° XTER%H, MFFA—ERERITIHITH: FE— MRS hREUTIREaIaII8E

g/Ru]kREzIIFE Markov Decision Process, MDP

o —\MDP (RUEKIR) EXWNTF:
o —MREEEsE S
o — M \fEEBac A
o —NEBHET(s,a,s)
o —NERIEE R(s,a,s’)
o —/MIUAIRTS Start state (ATREELEFIAT terminal state)
o O/RAIRMR: AMESRPRSHEIRT, FRRESSERREIZ

o BINEERE—NBRMITH optimal plan, BI— /MRS optimal policy 7* : S — A (BZ
H2RZE, TREBUTAEIHE)

S/Ra]KREER MDP Search Tree

o RERIFEAILIERMA—RIUT expectimax FFEEN: AREHAMTARKIIEIEGEAISHIR AT
b7l
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MDP Search Trees

= Each MDP state projects an expectimax-like search tree

—’ s is a state

(s,a,s" ) called a transition
T(s,a,s") = P(s’ |s,3)
, N4
Ris,as )
N

o XIFEE, Bl MAETIREAATIE, HIREITNET discounting factor v, (855 i £ FATH
[EhEREY Utility function 3_EZREL v

(s,a) called a g-state

Discounting

= How to discount? .
= Each time we descend a level, we XJ{ o

multiply in the discount once V\ 1

A"
= Why discount? )
= Sooner rewards probably do have . T “a
higher utility than later rewards V‘ f}/
= Also helps our algorithms converge ., “
= Example: discount of 0.5 T s

* U([1,2,3]) = 1*1 + 0.5%2 + 0.25%3=2.75 ,-),2
< S a

= U([3,2,1]) = 1*3 + 0.5*2 + 0.25%1=4.25
= U([1,2,3]) < U([3,2,1])

o EBYMIRE s HR, DRMIREERINEEMAA V™ (s)
o EMMRKE s R, FiBEa, RERIMIEE, BREIENAR Q" (s, a)
o EXMIRE s HRIIRMHKRES 7 (s)
o HEFELITNEBRNESIE:
o V*(s) = maz,Q*(s,a)
o Q'(5,a) = Xy Tls,0,8)[R(s,a,8') + V()
BATLA{SH Bellman Equation: V*(s) = max, Y, T'(s,a,s')[R(s,a,s’) +~yV*(s')]
o ~ < 1 BETLMFIE Bellman Equation ROKEE

(Ei%{LE% Value Iteration

o T MDP NEMINGSH, RENH/RNEE
o BN Vi(s) ABE k LERIDL. HEMASH s BRHET, REMANRXE
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o TR, INHAIRES s KT, WFENTRES, 8
RIET R + v x F—IREHE KA PHSEXEIEAXLEIRSEA A
Vir1(8) = maz, Y, T(s,a,s")[R(s,a,s") +yVi(s')]

o 2EfESER (EHNBRSHMATLUANKE) /&5, MTFEMT, R&RURE
m*(s) = argmaz,Q*(s,a)
o WASHE: 8RENR O(S*A)
o QEAENE Q-Value Iteration: 3 Qk (s, a) KB Vi(s) &L, BEEHHE
Qr+1(s,a) = >, T(s,a,s")[R(s,a,s") +ymazyQr(s',a")]
RERIES Policy Iteration

o WSRERTFEENEE
o EBX V™(s) HERRSE T RIEFEMA
$—8: RE(HiT Policy Evaluation
i
o KHIEMDPIEF
o WAV (s) =0
o XIFENV, WBVT () = >, T(s,m(s), s")[R(s, m(s), s") + vV, ()]
o RHASZHE: 8RIENK O0(S?)
BEREE
o /NHUEMDPIEF]
o (EREAERMBERERSRE V™ (s) = X2, T(s,7(s), s")[R(s, 7(s), s') + vV 7(s')]
o BHEISZE: O(S?)
—i: R4k Policy Improvement

o BERLMRIRER: 7i41(s) = argmaz, Y, T(s,a,s")[R(s,a,s") +yV7i(s")]

Lec12 if{£3F 3] Reinforcement Learning
g5IN: EREN Bandits

o XNTZEZRN, TLGEEZRIZE MDP, BT ERRAE

o (BEXNTFEIAIAE, FAIAFNE MDP IEAHRSEL, FrUATLBITZ LXK Offline Planning 3&
Ki#, W ERKI Online Planning, BI—BEtERN (3ZH) , —B%3 MDP i928%, RE
RS

o BUFI—MINNZEELR Online
sB{t3¥ 3] Reinforcement Learning

o FEE—NEI/ROJRZIIFE MDP:
o —MREES seS
o — M EIEESR acA

o —NNEBHET(s,a,")
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o —EIREL R(s,a,s")

o —NRBARE v (ERER, BIAN
o IATHAEKEIKEE m(s), ERENAMBEREBHE T AR R

Reinforcement Learning

State: s

Reward: r Actions: a

Environment

= Basic idea:

= Receive feedback in the form of rewards

= Agent’s utility is defined by the reward function
Must (learn to) act so as to maximize expected rewards
All learning is based on observed samples of outcomes!

Basis of reinforcement learning*

* Markov decision process (MDP) assumption environment

* Attimestep t, agent following a policy ,,(s;), agent _‘.’J‘\
= QObtains an observation s, of the surrounding environment, Observation s; 7(
* produces action a,, "ﬁf Action a,
Reward 1y J 1

= then, environment will transmit to s;,,,
= and agent will receive reward 13,

= The goal of the learning agent is to maximize the expected cumulative rewards as

T-1
R=E; Zﬁ(suaz)
t=0

{50, @0, 70, 51, A1, 71, -, St, At e, Se1s - ST-1, @71, 71, }

Transition * Episodic environment with limited timesteps



Reinforcement Learning

= What if the MDP is initially unknown? Lots of things change!
= Exploration: you have to try unknown actions to get information
® Exploitation: eventually, you have to use what you know
= Regret: early on, you inevitably “make mistakes” and lose reward
= Sampling: you may need to repeat many times to get good estimates
= Generalization: what you learn in one state may apply to others too

HI 1588 Model-based (1RE! model EXFIMSHIEE, F25F
fi& policy)

o EEI—ANIIRAIFRFIIFEER MDP model (BPEIEEBIRR T'(s, a, s) FI22H) R(s, a, s')
), RERIXNMEEIE SR, HiT kiR

B SEWERRENER

5 SNKERNRE, WA AR, SNERS

AEFEBA Model-free

o REISRIEBHERST, MBEEMNEAGTSH, FtEHE

=

\\

)

Model-Based vs. Model-Free

Goal: Compute expected age of ShanghaiTech students

( Known P(A)

)
L E[A]=) P(a)-a =0.35x20+... J
R

Without P(A), instead collect samples [a, a,, ... ay]

/ Unknown P(A): “Model Based” \ / Unknown P(A): “Model Free”
I

Why does this p(ﬂ) _ num(a) Why does this
work? Because N E[A] ~ i Za‘ work? Because
eventually you . TN samples appear
learn the right E[A] =~ Z P(a)-a ! with the right

model. & frequencies.

TSRS S] Passive RL

o ERNBE—MNEEREE m(s) HITMER, MTHAERE THORSNE V™ (s), RIREBERESRE T
M55 s FraE, BRIETRISRIAGERD V™ (s)


af://n1148
af://n1155
af://n1161

o ARRESREIHE Policy Evaluation
BT Direct Evaluation

o IERMEMIRE s FHRZIERAILIREERA, SRR ERETY

Problems with Direct Estimation

= What’s good about direct estimation? Output Values

» |t's easy to understand
» |t doesn’t require any knowledge of Tand R

= |t converges to the right answer in the limit

= What'’s bad about it?

= Each state must be learned separately (fixable)

= |t ignores information about state connections

If B and E both go to C
under this policy, how can
their values be different ?

= So, it takes a long time to learn

E.g., B=at home, study hard
E=at library, study hard
C=know material, go to exam

BIFZESE 3] Temporal difference learning, TD

e FJH Running Average B8, BDETn TUYE pn = ((n — Dpp—1 + ) /n

o EEAEMERII—MEE (s, a8, ), RIHTRER
V7(s) <= V7(s) + aR(s,7(s), 8') + 4V (s') = V7(s)]

o Heh, TDerror &3 [R(s,m(s),s") +4V™(s') — V™(s)]
FHBRAZFEII/NERSE Active RL: Q-learning
o NMUHHIREHIUNME, EFIUEHIT F—LBRF
Q-learning: EF TD learning, EEEEM Q(s,a) XitH&
Q(s,a): RS s T, PUTHHE a5, 25— ERBRRIRTATEREIUIIE Sultas
Q(s,a) < Q(s,a) + a[R(s,a,s') + ymazsQ(s';a') — Q(s,a)]
EHTRISRI SSEFRRIFAYERER policy A—ERR—1RE, ALUMIERMRISFZEIRRMRIL

off-policy learning

#*Z5FIH Exploration vs. Exploitation

* Exploration #fR&: =ilF#AIFIE

e Exploitation FIF: FRAXBIFIEIRMEITRES
e-greedy

o EE—PH, Lle AMRZRMETIITEN, A1 — e BIRIZRRRIRESHIT
FRMFEZFE Optimistic Exploration Functions

o IRIT—MRZSTE Exploration Function, # f(u,n) = u += , Heh k 1iBSH,
n = n(s, a) RFLIRRPIE s i a BIFHIREL, T&JEJJKW%_/A*&E DRYMETS
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* 1§ Q-learning HYAEFZIITEH N
Q(s,a) < Q(s,a) + a[R(s,a,s’) + ymaz, f(Q(s',a’),n(s',a’)) — Q(s,a)]
o XLTEESRAVER E, BEMSMERIHNTGE
EF4SFAYZELE Feature-Based Representations

o BAMFBEEI (NBBBEFKR) FRSERABEHERIPRE, LUSIMEERSZ RS

Let’s say we discover In naive g-learning, Or even this one!
through experience we know nothing
that this state is bad: about this state:

-

* * + s & s 0+ + @
.

@ * + o+ o+ + » s

L]

o MAAERERRITHNHIE, TStk KEHNEIAPRETE
iIEtlQ%3] Approximate Q-learning

» Q-learning FEMFE—EK |S| x |4

HFRIE, HEERELSS

Imagine we had only one point x, with features f(x), target value y, and weights w:

2
1 ~
error(w) = 5 (y — LU‘A=JA=(17))
k

d error(w)

Owm,

_ ('y — Z u:k,fk(q_.-)) ,fm(-’f)
k‘

W — Wm + (y - Z ?“kf.fk(:("')) f?”(m)
k.
Approximate q update explained:

W, — Wm + @ {.’ + v max Q(s',d") —Q(s, a)} fm(s,a)

“target” “prediction”
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Example: Q-Pacman

Q(s,a) = 4.0 fyor(s,a) — 1.0 fger(s,a)
\

foot(s,NORTH) = 0.5 s
fosr(s,NORTH) = 1.0 r=-500
/
Q(s,NORTH) = +1 Q(s’,r)=0

r+y max, Q(s’,a’)=—500+0
w 4.0 + o[-501]0.5
difference = -501 |:> DoT <~ [ ]
Weer < —1.0 + [-501]1.0
Q(s,a) = 3.0 fyo1(s,a) — 3.0 fs1(s,a)

SHRAEHERE Policy Gradients

o BNIRTEEIEE V/Q, BEREfhiHRREE policy

o MeRI— 1 ERtfEFTe, BERE (BBELT) KUt FEITARISIEFA
o INFERBIRIE 1o, WTEMHEE, TUNMER J(0) =E[D 0 v're|me)
o HABEHKRUEE J(0) ZAMO = 6"

REINFORCE algorithm

Mathematically, we can write:

J(G) = Eq-wp(T;G) [T(T)]
— /r(’r)p('r; 0)dr

Where r(7) is the reward of a trajectory 7 = (30, ag, 7o, S1,- - )
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REINFORCE algorithm

Expected reward: J(0) = Erp(rio) [r(7)]

= [rr(r)p(T; 6)dr

Now let's differentiate this: VGJ(Q)zfr(T)VQp(T;H)dT Intractable! Gradient of an

expectation is problematic when p
depends on ©

However, we can use a nice trick: Vop(r;0) = p(; G)VQP(TEH)
If we inject this back: 0 p(T;6)

VeJ(0) = f (r(1)Vglogp(T;0)) p(T;0)dT
T Can estimate with

=Erp(ri0) [r(7)Velogp(;0)] Monte Carlo sampling

T

= p(7;0)Vglog p(7;6)

REINFORCE algorithm

Can we compute those quantities without knowing the transition probabilities?

We have: p(r;6) = HP(St+1|St,ﬂrz)W9(at|3t)
t>0

Thus, logp(r;0) = log p(si+1]s¢, ar) + log mg(ax|s:)
t>0

And when differentiating: Vg logp(r;8) = Vglogme(ay|s:) Doesn’t depend on
t>0 transition probabilities!

Therefore when sampling a trajectory 7, we can estimate J(8) with

Vel (0) = Z r(7)Vglog mg(a|se)
>0

Variance reduction

Gradient estimator: ~ VjJ(0) & Z r(7)Velog me(at|st)

>0

First idea: Push up probabilities of an action seen, only by the cumulative
future reward from that state

VoJ(0) = > [ D ri | Vologme(adls:)

t>0 \t’'>t
Second idea: Use discount factor y to ignore delayed effects

Ved(0 Z Z’y “try | Vologma(as|st)

t>0 t' >t

o XMITHERMANE (WEE) , JLRA Q MV RAERM



How to choose the baseline?

A better baseline: Want to push up the probability of an action from a state, if
this action was better than the expected value of what we should get from
that state.

Q: What does this remind you of?

A: Q-function and value function!

Intuitively, we are happy with an action a, in a state s, if Q" (s¢,a¢) — V7™ (s4)
is large. On the contrary, we are unhappy with an action if it's small.

Using this, we get the estimator: VyJ(6) = Z(Q’”"(St, at) — V7 (s:)) Ve logmg(a|st)

t>0

Actor-Critic Algorithm

Problem: we don’t know Q and V. Can we learn them?

Yes, using Q-learning! We can combine Policy Gradients and Q-learning
by training both an actor (the policy) and a critic (the Q-function).

- The actor decides which action to take, and the critic tells the actor
how good its action was and how it should adjust

- Also alleviates the task of the critic as it only has to learn the values
of (state, action) pairs generated by the policy

- Can also incorporate Q-learning tricks e.g. experience replay
- Remark: we can define by the advantage function how much an
action was better than expected A" (s,a) = Q" (s,a) — V" (s)

Lec13 585 ] Supervised Machine Learning

F3I09932E Types of learning

o SERZS) Supervised learning: YIGEURSIERS (EENER)
o FTISEEZS] Unsupervised learning: I &EUEFRBIEIRE
o FISEET] Semi-supervised learning: i)I|IGEIREIESEDIRES

e 3E{LZ>] Reinforcement learning: H—ZRFIRIERIRERRD
BEZIMMEN Supervised learning

o BN IEE, BEWIREHER (2, i)

o Bin: EI—NFRMNETFRE f

o M PE—MEE fHIRE R

* WKX{ES: 993 Classification (HHEEUE) , [El)3 Regression (HIHZELHE)
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o TIER: 4B, IREUNSEAVSE feature, RIS IEADXLI FSS), HiaH
FUNAIRES y

Supervised learning

To learn an unknown target function f
Input: a training set of labeled examples (x;,y;) 4{ Human annotation ]
where y; = f(x;)

Output: hypothesis h that is “close” to f

—% = Apple

Typical types of supervised learning

= Classification = learning f with discrete output
value

= Regression = learning f with real-valued output
value

= Structured prediction = learning f with structured
output

93 2E[[)5% Classification
FPERMERMLE Naive Bayes Model

o HEREVERL, AR EEREXERMTE
o HATEIRE Y REMER P(Y), B/MHLE F HERMEE P(F1]Y)

‘a ‘a ® & & ‘a

o (EFEIEREERAEITEERETIHR probability table, B3t n + 13k f&it P(Y), f&it P(Fi]Y)
o BANGIXLMIERGTRAVRREIRISEL parameter

o HITOERT, [HFEMTELE inference algorithm (UNZEE;HER variable elimination) E#E+E
(Y|f1a fn)

o RIRTHITERXTIREFKMIMTRY, BHLUABITERNEI T4

S# &t Parameter Estimation

o BIFEIHTERMAETER, AR ER&EALAMLT Maximum Likelihood
o FAIERIGEERMGTSEHE, XMNIEWEFS Learning

o [RIRIFESEL, HEMZR P(observation|d) (2%TF 0 HIEEN)

o IHESEXERMIT argmazgP(observation|0)
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o BAVEEURED N=ER: IEEE Training set, {REBE/IGIFEE Held-out set, JILHEE Test set
o E—NIGEEAG, EGE LISERSE, HERURERIIOEENERM

o KITAZA EEIERIEIERE S

o IIHIE Overfitting: SEHET HRIAY)IGE, SECZLI4RE

o THLA Underfitting: 5i)llZREE ST2E(R

RIEHHRSER Laplace Smoothing

o SN NI R, 85 Prap(e) = 20

. Kk BiBEH
o HIERERRETAR EE— R TR S AR O ap

BABYJEH
= Typical problems
= Underfitting: fitting the training set poorly
= Qverfitting: fitting the training data very well, but
not the test data
o = Training
© Training O Validation Data
05
04 underfitting : overfitting
03
_ Held-Out
02 Data
0.1
Test
0 Data
training time or capacity

FIRRIEHR
o RE—MELER Baseline, FLSHHIREEINMAERITRI
o MBS/ ENELER, thATLlER RIS E R RE
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Precision vs. Recall

= Precision/recall tradeoff

= Often, you can trade off
precision and recall

* Only works well with weakly
calibrated classifiers

precision

_ recall
= To summarize the tradeoff:

" Break-even point: precision
value whenp=r

* F-measure: harmonic mean of p

andr:

2
Yy

o2 (FEMN) Linear Classifier (Perceptrons)

o NI feature values, B MEHIEREINE weight, FMBIETEREL
activation,(z) =Y, w; - fi(z) = w- f(x)

SHFZHKIAA, HHERHETUR —1/1 89

AR ERBI bias 377 wi - fi(z) = Y, wi - fi(@) + wan

IRFAF Decision Boundary: INR—MEUBRAVFERIERITRDERS f(x) HIE, NHKAERF
& BUSIERRER, By, = sign(w? f(z;))

BN IEX Perceptron Learning Algorithm, PLA

* FTEZSE0 #liat
o XTFENIGEHER:
o YNRHKIFH, AMERE
o YNSRHEARIEH, MHBEE: w=w+y" - f (HFy RERNIREEE)
o BEAXNIIRE, BETEMIGRMNEIEREBEDRER (KRTIGEEMETD)
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Learning: Binary Perceptron

= Start with weights =0
= For each training instance: w

= Classify with current weights
* *——— Decision
y - f

- +1 if w- f(’L') > 0 Boundary
y{l if w- f(z) <0 f/

= |f correct (i.e., y=y*), no change!

= |f wrong: adjust the weight vector by
adding or subtracting the feature
vector.

w =w+y*-f Before: w - f(x)
After: w- f(x) + y|f(x) - f(x)

o TILUERE, MFEMAIDIIER, PLABLAEARATEIATLAKER
o MWFEHEMPLA, BNEIE—IE w,, TWUPEA y = argmaz,w, - f(z) ; NEEFH
wy = wy — f(z); wy =wy + f(z)
RN AYIRRR
o WNREUEELM AT, NEATRESPEE Thrash
o WFERFRAR FHIRTEIE
o 2JIHIE Overtraining: WIXEEMRZET EAE T

iZ48[E])7 Logistic Regression
o FERGINEEIT, FLEAMEIAREM AT AIEERE
o FERFWH, RBEY 2 WIERMHMER, MACEENEX), XRBRIEEYXBEEEHT
o EGE(E Activation z = w - f(z) € (—o0, +00)

o ZIERAFERTHERNA (MEZFRASK Probabilistic decisions) , BEEEIEE z MIEEITR, #HHE
RATHIERZIMBRE, HHERAOAIRE AL

o RH—NEEEH A(2) = o= . XNREAUAY Sigmoid i

P(red|z)
2
S
Iy
=1 almost 1.0
B
A
|
1
1
i
i
almost 0.0 !
[
0 e @ 000006000 @ p

L ) | ] ! J
T T I

definitely blue not sure definitely red

o BIBE|IT Logistic Regression: %% maz,ll(w) = amw Zl logP(y9|z); w), Heh
P(y"

= 1z w) = —2—; P(y® = —1|zD;w) =1 — 1

1te-wil) 14e—w )
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o XWTFZXKBIEREIT, R softmax (EAFRYRGEE:

N e’l e*2 e?3
21522, 23 77 Giteten ) elteteB ) lierien

BE LA/ TBE Gradient Ascent / Descent
o ENESH w; FIRHNARR L, KBRS g(wi, -+, w;), REEE EFHME, BD:

o wy <~ wi+to- ai) (w1, ws)
o Wy w2+ - 3a—w(w1,w2)
o ERMAEFX, Bw+— w+a- Vyg(w)
o WFSHRIEAM, BELFHEER: w— w+ax Y, ViogP(y®|z®; w)
B w — w+a- >, (y? — Py =1]z®)) . 2®
tHhEZMILE Neural Networks

o ATIRIHFHIE feature RBERENRNBERR, MALEMNEETLINESIEFRZIFFIE
o 2= g(3, WYY | e g i ER
o HEFRY g RE

o Sigmoid Function g(z) = ﬁ g'(2) = 9(2)(1 — g(2))

ef—e”

o Hyperbolic Tangent g(z) = £ =, §'(2) =1 — g(2)?

1 ,z>0

o Rectified Linear Unit (ReLU) g(2) = maz(0, 2), ¢'(z) = {0 otherwise

o FREZF>] Deep learning: (FRIREMHEMNL (WI1000F) , FHESHNEBEERXR (KRE
':F‘Tu&)

[B])3[aRE Regression
EJADEEX
o FI—ARARE f

o MNBUBE, SIE—RIIHINENEIRS (2, y:)  BR Y = f(z:)
o IMH—MEIR f HIREL A

&/IMI%1RE Minimizing squared error, MSE
e L2loss function: L(w) = >, (y; — hw(z:))? = X, (yi — wlz;)?

e FKEE, &ML L2 loss function iER/IMUEEIDRIRENSEALRGITHRE, R/ 5%
o FEARMBw = (XTX) 1 XTy

EHHEITIRE Mean Absolute error, MAE
o B/IMEEHHEITRE MAE KR R &SIMURIE RIS IR RIS AR EITHRE
IENE]Y3 Regularized Regression

e |east Absolute Shrinkage and Selection Operator, LASSO / L1 Regularization

o L(w) = ,(yi —w'zi)® + A3, [wy
o AR ERRRIEFIRMAIERIER TS

e Ridge Regression / L2 Regularization


af://n1379
af://n1394
af://n1411
af://n1412
af://n1420
af://n1428
af://n1432

o L(w) = (yi —wla;)> + AX w?
o AEERRRIEFIRMSE TG
JELEEFR0Z IS AR Overfitting in non-linear regression
o "BARI%I7]" Ockham's razor: FREREERAYRISFINGEUE/ MR
o TEHR, By TR (NIGE) FIORKRE, Eour REFARIN (W) FIMREERE

Empirical risk (training error, in-sample error)
Empirical Risk Minimization (ERM)

* The expected loss of a predictor h on a particular observed
sample data set & = {(x;,y/), ..., (x,,, y,,) } could also be
referred to as the empirical risk £, (/)

B ()=~ lloss(h(), 3] = - > {h(z:) = 1

-

O-1loss

e Usually, the target predictor is found by ERM

h = arg 11'1}1'1'1 E, (h), heH
e Parameterize h( - ;0) < 0

0 = arg m{}in E,(0); e O

e If E; (h) = 0 on 9, we say h agrees with & (52—

Approximation-generalization
tradeoff

® Small £, good approximation of fout of sample

® More complex better chance of approximating f°
® Less complex better chance of generalizing out of sample
® |deal = {f}

* Bias-variance analysis: decomposing E,,;into

A. How well 7 can approximate

B. How well we can zoom in on a good h€EJf

Applies to real-valued targets and uses squared
error
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Decomposing £,

Bo(9P)= Bx[ (97 (x) = £(0)’]

g™ is derived from repeatedly sampled dataset D

£ [Eu(9™)] = B B |(676) ~ £00)']

= By [Bp | (9P (%) - f(x))

2

Now. let us focus on:

Bp | (9 (x) - £())’]

2
Ep [(g(D)(x) - f(x)) ] is the average loss on x over all the sampled datasets.

The average hypothesis

To evaluate Ep [(Q(D) (x) — f(x))z]

we define the ‘average’ hypothesis g(x):
§(x) = Ep [¢P(x)]

Imagine many data sets Dy, D, -+ , Dg

K

i 1

g(x) ~ EZQ(D”“)(X)
k=1l

2
Ep [(g(ﬂ)(x) - f(x)) ] is the average loss on x over all the sampled datasets, and

IED[g(D}(x)] is the average prediction on x over all the sampled datasets



Using the average hypothesis
B [ (960 — £(9)”] =Ep [(9™00) - 5x) + 560) - £(0)’]
=Ep | (9 (x) - §(x))" + (5(x) — F(x))’
+2 (600 - 9() ()~ F()]

Where is this term? 3(x) = En [¢/(x)|

— B [(4P(x) - 3))°]+ () - F(x))’

Bias and Variance

Therefore, Ep [Eum(gw])} = Ex []ED [(g{ﬂ) (x) = f(x))zn

= Ex|bias(x) + var(x)]

= bias + wvar

Lec14 THEESE S Unsupervised Learning
EZ2E[A)R% Clustering
o A MURSEHTS RIS
K-means §i%
o EERR:
o BTENM KL (BEK) , MWL (SHREAN) MBI k MEREeP
o fEHR: WFENH, BEARIEREIINREPORENZET a; = argmingdist(z;, cx)
o BENEEPUOBHENZEME L ck = T Diar Ti
o EFLLLITR, BRI, FENAEREREENE
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o WANIER, FERIWIRHAIRESHARNG
o VB4R Inductive Bias: (SAEEEEER dist, A KTISERIRAITIRAHIAKS, B0
ENE| S E S S SR SN NG ]
HEEREIREEZ Agglomerative Clustering

o EiENE:
o BH M AMERR, BPNRAIEHA—ERSE Cluster
o BIRIEMMERITAIEREE Cluster #TEF, BEIMBEREFHA—PEE Cluster
o HUEE m-kK REEFIRE, (FAREDE

o WFRNRRZENER, JLUBLATIHItREZ—:
o EANZERIIEE (PIEERE)
o FENZERIIEE (£ERERX)
o FrERXIRIIERIYE
o fHSIEREANLEEIER/\ Ward's method

s FEEMMEEFHPRAER

HAtE R K{¥ Expectation-Maximization, EM

—(@-p)?
e 22

o WFEIHTH Ploln,0) = —
o Bp(z) =Y mN (zlpk, Sr)
o HhVhk,m, >0, K m=1
o XWFU ENEFTNBISMEMRIENRE, MRENEBNEIERBRBNSER, WL EEERS
A TREF I HS
o ENEAME:
o FEHAIIEHET NP

d2.

o [E step] IIBEBERNTE, A% I MENTEBTE | MSHIAINE Q) cce

o [Mstep] BF t—#, SAREKIEREESTNE, HEFNEIHEM 1 = 0
9 2 Qyd3
i Zl Qij

o EELILTRE, EEMIN
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EM for GMM

Iterate: On the t'th iteration let our estimates be

010 = { (0, 00 .. 0, 20, g0 2o, 0, i (o )

E-step
Compute label distribution of each data point

Just evaluate a
Gaussian at x;

P(yj ., |xpg(tl) o ni(r)N(xj |ui(”,2i(”)

M-step
Compute weighted MLE of parameters given label distributions

Ej P (}’j =i |xpg(t)) x; Z}_ p(yj =i |ij g(t)) [Xj _ ﬂ;(“l)][xj — “i(t+1]]T e Z}-P(yj =i |x,—. B(r))

%P (yy = ifxy.00) %P (v =] 69) P

m = #training examples

At+1) —

1 E,(:HJ -
L

i

o M EMSHIEEEKAERAINE. HE, BitEEARE TSN SHD HEMR(EERKER,
EM iIB{t A K-means

e Coordinate Ascent
o HEI—ES#0, #81(0: D) = .7, logP(z;|0) BUBALE
TRz, WENE 0 : D) = 1" logy ., P(zj,2|0)

SINEBHT Q, B U0: D) = LT, log ¥, Q(elay) - T4

o

[¢]

[¢]

fiEEEES, 510 D) = YT, logEqg {Izgg’;j) ]

(¢]

1RiE Jensen R&=, BUO:D) > Y10, Eq {log 122(2{26)’) }

BPERHBATR O : D) > L7, X, Q(elz)log it == F(6, Q)

E-step EIE 0 i1t Q, AT Jensen REREE: Q(z|z;) = P(z|z;,0)
M-step EIZE Q #ifk 0, WATESK 0T = argmazy Y ; EqllogP(;, |0)]

[¢]

[e]

o

Lec15 KiE=t=8Y Large Language Models
BERSEX
o KIESHEE LM B AOEE

o U Scaling: AaIF FAEARHIZHE Infrastructure F195 7 ILES Distributed System SCHAERY

VE
o {EFHA Language: BEZRIFHEMINESWIE, WREYE Data, 273518 Prompt FIM A
Application

o 1ERNZIT Models: iEZ=H188% S5 4&E ML Modeling #0{ft/¢ Optimization

Y$4ETTS Feature Engineering

o IA%iE Text Tokenization

o FEXABMNIRET AEEURIC Tokens, HTEENNFRCIRRMA Token IDs
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o ERMHEELEIEFTXI4ES BPE 1 WordPiece

o SZMBRIEEIFHRIT SRR D AESMRT
e {A[EE Word Embeddings

o @i Word2Vec FRENGHRICIRGTEIELLAIER A\ =SB Embeddings
o EBHEMIENNREERETAFLRE Cluster
o MATERIMHEREREUSFE Algebra: FIRNEE King - B A Man + ZZ A Woman ~ &ZE

Queen

5842813 Model Architecture

L4 /,\Lﬂaf::
o EEMLZLMZE DNN -> fEIRHREZE /LS RNN -> ZHHAE8 Transformer

o (ESERMNIRIEEE Encoder, #1388 Decoder JEZ JRIDZE-#IZ28 Encoder-Decoder, I
LLM ZRFI4EfRID252844 Decoder-only

o HB[EF#&ERY Autoregressive Models
o EBNSEIN— MRS, FREIEAT—SHAA
o IRENHHEHSH TR Context FHIKEFDTE p(og]o1, ..., 06-1)
o EANMGFAIELES A Joint Distribution RELHFMZRAESR
o EEHHNEI Attention Mechanisms
o BLBREBENMARCHEARIMNE, XKiFHEXIFC Relevant tokens
o BIEIA Query, # Key, {§ Value #171HE
o TREIESZLITES MHA HEBIETES GQA Ml SEEIEES MQA

r

output X

attention weight a; a, a;

score

key query value

input
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= One query per input vector v, v, v

[} % t
| Product(-»), Sum(T) |

yﬂ ‘ y1 | Y2 ‘ 7
¥ Vi 7 AL Az Ags
self-attention _.E — AL A, Ay,
E”Z LV 7 [A ] (A [Asg
t
Inputs. | Softm;x{‘?l |
Input vectors: X (Shape: N, x Dy)
Key matrix: W, (Shape: Dy x Dg) Ez,a E3,3
Value matrix: W, (Shape: Dy x D) E E
Query matrix: W, (Shape: Dy x Dg) 2.2 3z
;. Esy
Computation: 3 Tt
Query vectors: 0, = XW, ‘
Key vectors: [ = X\W, (Shape: Ny x Dg) L Q, Qs
Value Vectors: V = XW,, (Shape: N, x Dy)
Similarities: E = QK" (Shape: Ny x Ny) E;; = Q; - K/ sqrt(Dg) X,
Attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Ny x Dy} ¥, = 3/A,}V,
Single-headed Multi-headed

>

v

==

I
[x7, X2, X3, ...]

i

1 1
[x7, X2, X3, ..]

o EEEEA Causal Attention

o fEBMEIFERRIERIE Masking, HRRIRIFCRBERTRMEERIFC, PLERIHE
o HRBEBAKY Transformer Architecture

o HEIF—L LayerNorm, ZLiFE 1] MHA, TR REFIRTIRRE ML FFN HaY

o BINRIBERA Positional Embeddings iR SIS, SIBMATHIERED, EXH I BHREDH
HEFE(I BT ROPE

E5ZE3IMER Learning

o Fi)ll%k Pre-training

o IEEENIE HBITEWESS] Self-supervised Learning #{T F—MFCHN Next token
prediction

o Blargmazglogy",_, logp(o = yelor = y1,- -, 011 = Y1 1;0)
o BirRFIEMAIESHAL
e $8<SA Instruction Tuning
o FEAZXNERGI LTI EFS Supervised Learning
o (FEIEEIMIEGAZESCA Mimic human-written text B4 A XA Generate helpful text
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o EFAERIEREMEFES RLHF
o FETFNEER Reward Model BTG RIS RE
o EIIREEIEZ Policy search FIZREZHEE 7% Policy gradient methods (%0 PPO &} GRPO)
RALSRRS

HIR5/%E9 Decoding

o FWOEZER Greedy Search: (UG FEMRRSAITRC

* IRIZZE Beam Search: {REABEDREHIZMEIER Beam, BITH A/ Beam size 1Z=HIRZSEE,
HTERASTRUMER, EREER—R—EREFIINSRRILE

o Hth5AEEREE Sampling FRIHA#RS Speculative decoding

HIEIEESRLARA

o JEIBHEAY Reasoning LLM
o [B4EE CoT: BII5IS LR, Trigger step by step IHREIEAHEZRRIFEMAIRIE

o BIE Self-evolution: IREMERILF I L EHF S [ Reflect FHRREBRMRRTZR
o FEERE DeepSeek-R1

o RFEMERIREEIL GRPO, BITARNELEITELUTEITERA

o IRBEVEIIHIRIERIZI Aha moment, BETEE L IEHIRGERIFEMEIKAGEIRIRE
o ZIEEAIER MLLM

o BEIREMIEEMEEGR. M. YUREAMEAERENR—1RE

o FRIIAN LLaVA, {EFRIRE/AERE Projection W IR HE4wASRS Vision Encoder F[1 {ES1&EY

Language Model

o ZHREMRBES Agentic abilities

o LLM {EAXRIRRERIIMTIES

o WKHK Planning, THIEAM Tools FSNEAIRIGER RAG FHIAREIRIE
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