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Probability P(ESUEz) = P(Es) + P(2) - P(EInE.) P ( * = a )   =   !   P   ! X = a ,   Y = b !
Expectation/mean ECXI=S aP(=a) Variance Var cx] = EL (X-ELX]) ]
Independence P(Y, y) = P(X) P(Y)

conditional Ind PCX,412) = PCK12) PCY|2) Conditioned Prob P(X=al 1=b) = PiX=0, 4=6)
* Prations Chair Rule PCAL, AL,. ,An) = PCA) PRASIAs) P(AS |A , As) .

Bayes' Rule P(FIS) = P(F.S)
^ PIS) = P(SIF) P(F) a prior

P(S)
posterior

P e A   M ! ! ! ! ! 农 ! ! ! 1 so that new My =0 c a u a t o r e   m a t h e   s - ! ! ! ! ! ! !
eigenvolves

highdim»low X=X-X Seigenvolves= Idiagonal elements
← ,   u   X   )

meas • anju;, ay= u;X;
Logic Precedence a, 1, V, a, 4 Entailment AFB if in every interpretation ntere A tre, B also true

fOR

Logical equivalances (a^b)= (LA a) C a v b )   =   ( b r a ) commutativity

( ( a n b )   A c ) =   ( a n   ( b a c ) )   ( a v b ) v e )   =   ( a y ( b r c ) )   a s s o c i a t i v i t y AdB=(An-B)V(ÂB)

→   ( n a )   =   a   d o u t l e   n e g a t i o n   ( a → b )   =   ( 6 3 a )   c a n t r o p o s i t i o n   ( a 3 6 )   =   ( m a V b )   i n p l i c a t i o n

(aeb) = ((a=b) 1 (b=7 a)) biconditional - (anb) = (1a V -b) - (aVb)= (-a11b) de Morgan

(as (6VC)) = ((аль) v (a1c)) (av(bAc)) = (Cavb) ^ (aVc)) distributivity

INF Oreplace « @replace = O move negation inward @ apply distributivity of vover a

NLP R=0: Vnigram P(Wa, Wa. ..., Wh) = Plus) P(Ws). ...P(wn) tull indurendend assumption

k=1: Bigram P(WA, WE , ... , WA) = P(WL)P(We|WE) P(WS|WL) ... P(WA (WA-1) Markov assamption

ken-s: n-grams P(W / Wis) = Count (Wine, We) smarting count (Wine, W4) +1 (adrian cozat) Plas, " Un) =P(m) B
Zero prob Count (Wins) +V

perplexity PP (W)= P(WI, Wa, ..., wn) 't lower is bleeder »exp (W, vc)
similarity P(olc) =

*   E eP ( N I V E )Wordzvec likelihood L(0) = 
t a l - a s j s a corret centertwo

ward vector all politins Windarlenathof 20 maximize this

(uariable /hypothesis) pector, Va, Um for center/contert
ML Supervised: Classification, regression training set (multise+): F(X4, 44), C, 4),..., (n, ya)t

feature, covarianglingst label/output
label discrete label continuous

i i d .   a s s u r p t i o n :   ( X i ,   V i )   ~   B e y good: learn mapping fixat
loss function: 0-1 loss for classticalion l47, 7, 4) = 74@743 fl y ) predicts label y o f fature X

squared loss for regression i f f19) + y empirical risk /training s e t error

dustering
Unsupervised: dim reduction, ea given: data with no label XI, ..., Ya

1 goal: discover patters and structures i n data
output: division into dusterswith in ins daters similarity and interchester dissimilarity

Unsuperised K-means Aselect k cluster centers 41, .., Ck A for each point x, find doset center in Euclidean distance
y(x) = argmin |X-Cill change y assgnments y (a) to centers

• update cluster centers as centroids
charge canters ald)

@update in repeating D, B until convergence
minimices distertion I E Cr (ad) - Cucu(diI° hill-climbing

Fros; 1
decide k: argin distortion+ *B k log MAdim tchoter #pontsHierarchical (no need k) input: points output: dokierarchy (binary tree)

agglomerative:bottom-up/divisive:top-down
La repeat: get a closet pair of clusters, and merge

La single-linkage wick so d(X2, X=)
complete-lintage xica, EB dOXL, X.)

- E   d ( x L ,   x z )

maximum derth on a points: n-1
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BP (14.20)

CNN 2DConv
and
DL

(15-18)

Ruixuan Tu

Х: ЛАХЛи
stride of 3 for heigh

гог о п о о Т о

- k
s a n d   2   f o r

adds rows/cols around input
Y= / +

scaler
bias

1812984 output shape:
C N A - R A + 7 a + 1 )   x   ( n - R u t P a t 1 )

6788: Common: Pa=la - 1, Pm = Rw-1,
90:00:

Output stope: (Ultimate)S w   L ( n a - k a + 7 . + S ) 1 5 A )   x   L ( A o - R a t P a t S u   X   s u l
Multiple input channels:

top: Th/2], bottom: L94 /2J

I r p u t i   ( M a l s A )   ¥ ( n o l S w )
0191010.0

2DMax Pool No leamable params

4 LeNet < AleyNe+ = VGG (Lec 16) < Res Net

L o s s f u c t i o n : T o4 2 1 ( 7 , 4 1 )
Per-sample loss: (cross-entropy (softmay)he 18, 4 = 551 - 4; 109 P;easier learning with BP, Barted Marmaliantion

MaXMw,
output impetMultiple output channels:

kamal

n a = X * w i s , : , :   6 r   i = l , . . , c

Classie regulation (crop, color, notation)

Game
(X), y :) + ) R(fo) Revier:Ler 18

1 AregularzerGoal-Max reward Properties: N of players, action space, paran.
(turns, pryollaterd) (shane thane)

(19-20) Rational Player at DSE if exists (finite linf)
Absdute Best- Daniant Stratagy Equilibsten Nach Eaulitifun: Bast resporte to esch other (Zero sun: wimlose, Generalsun: prison's dilema)

Search
minimax: max of children man's turn, min at min, nost and leaf nodes: heuristics; normal form

, a 4) > 4. (6, a *) Mixed: 41 (P,9) = Us (Fr, 9) = us (fa, g)

(31-23) BFS, DFS
Problem: State space S, Initial state I aS, Good state GES, Successor function Swee(s) ES, Cost (s,s")Uniform-cost starch: use PC in BFS Iterative doepering: DfS with depth limit and repeatInformed A* Osh(s) = h*(s)

henrisic real
(Pa) open ta5 = open empty, fail = remove a which fla) min from open to close(n' not in opendosed, estimate d'(a), 96') = gl) + c(nin') =gEn) +hG) U

IDA*: With ID "n' in open/elosed, gin") lower, I for eachn'ofs to a good, exist
update Suck

not laver gla'): nothing
n' backward ptr to path of gla'sHill-Sirbing: Local Optima, abrays pick man neighbor until descentsimuläted "Annerling: T=1, fur k=0 to K: Te T*0.99, pick random neighter t r neighbor (s),(23.20) if fls) aflt), then set, else with prob P(fls), ft), T) do setGenetic Algorither: @ keep a population (a fixed no states) @ selection, cross-over, mutation According to p

R L (23.34) P i = f ( 5 ; ) / 5 ;   f ( 5 , )   r e p r o l u e t i o n   p r o b
( 2 4 - 2 5 ) MDP M= (5, A, P, r, M, %) State set S, initial so. Action set A. Reward function: r (54, at),State transition model P(St+1|St, at) (Markov assumption). Policy T (s). Discount facher YE 10, DV' (So) = = PLaCe) U (seg); U(seg) = 5180 F're Geometric Series:v *   ( 3 )   =   m a x   r ( S , a l + 8 5 P ( S 1 s , a l   V * c s )@- learning (25.21)

V i e d ,   - a r t = i ,   = X

2- Prob 3-PCA 4-Stat 5-Logic 6-NLP 7 - ML 8 - Unsupenised L 10 - Linear Res 11 - KNN, Maine Bares classification
12 - Perceptron 13-14 NN


