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Bayes Theorem

6)p(6
p(01) =25 28 p(xlop (0

J& 56 (posterior) « {LLo&(likelihood) x %54 (priori)




RS i

o 1HZE 4370 (Bernouli)-fEm
frle) = -pe = {P HT= 0

o Il %5 (Binomial)-nE (A FIiR 1

P ==} )ra-p"
o %1474 (Multinomial)-8%F

n!

L1 Lk

P1 -+ Pk

x1!. .. 2! .
1 ,k %

Tsinghua University

P(Z’l,iﬂg,---,wk;n,plap2a°°‘3pk) —




RS i

e Betays%h

f(z; o, B)

1
B B(a, 8) v
1 T'(a+ p)
B(a, )  T(a)T(B)

e Dirichlet4#r-Beta o B HES™

a—1 (1

1 &
f(a?l,a?g,...,ij;al,a%,“,ak):_Hxiaz 1
B(a) -4

5 .‘"*. N f )é
Hooeh - F

o ' = . . .
+’l,“”‘_ & TSInghL[a Ur'll‘u'El’SIt‘f

0<x;<land);x; =1




“8

 J

-—
-~
—

H3

P 2.4 = A8 B, o, s BB IKR] 58 70 A0 PR AE — A LAl b, BB R X2 B TR $I A
0 < e < VRIYS, pue = VEILEPEFITIE AN -

P 2.5 =AM R R A BKR) w0 20 A6 AR . H b AN KPR SRl T A AR bl 3 L6 BT HE
FEENE. XHR{o} = 0IETAE, {a} = 1EFHE, {a} = 10T HE. %
7

VR ﬂ- x
Tsinghua University

e Pattern Recognition and Machine Learnin



RS i

e 1t%E4>% Conjugate Distribution
o Ja¥ip(6|x) AFcE p(0) FA L FEIHIAHE R BN
o SRS AT HE PR NALSR BRI H ) B S B
o Betas;1fi /& Binomial 53 A i JLHE S 56 2 A
o Dirichlet4yfii 7&Multinomial 73 47 B8 L P55 56 70 ffi

% 4%

XA Y :5 . ) .
+’l,“”‘_ & TSInghL[a Ur'll‘u'El’SIt‘f




e Assumptions
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@@ « For each document i , draw 6; ~ Dirichlet(a),d =1...D

» For each word j in document i :

« Sample from 6; , draw a topic index z;; ~ Multinomial(6;)

+ Sample from ¥z; , draw the observed word
@ o Q wij ~ Multinomial ()
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Gibbs Sampling
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Gibbs Sampling

f %42

0% ' _,'E . . .
+’l,“”‘_ & TSInghL[a Ur'll‘u'El’SIt‘f




Gibbs Sampling

f %42

0% ' _,'E . . .
+’l,“”‘_ & TSInghL[a Ur'll‘u'El’SIt‘f




Gibbs Sampling
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Gibbs Sampling
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Gibbs Sampling

// Gibbs sampling over burn-in period and sampling period

while not finished do

for all documents m € [1, M] do

for all words n € [1, N,;] in document m do

// for the current assignment of k£ to a term ¢ for word w,,:

decrement counts and sums: nff;) -=1;n,, —=1; ng) —=1;n —=1

sample topic index k ~ p(z|7-i, W)
// for the new assignment of z,, to the term ¢ for word w,,:

increment counts and sums: nf,f) +=1;n,, +=1; n(;) +=1ing +=1

* Patameters Estimation of Text Analysis

// multinomial sampling acc. to Eq. |78| (decrements from previous step):
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Gibbs Sampling
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Gibbs Sampling
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Algorithm 15 LDA Inference
1: BENLATIRA: XF a0 SO RN lw,  BEHLATE - topic 25 2;
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Patameters Estimation of Text Analysis

gensim LDA model
sklearn LDA
|da-project/lda
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