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Brief Introduction




Brief Introduction

How to measure the similarity of documents?

« TFIDF + Cosine




Topic Model

« A type of statistical model for discovering the abstract
"topics" that occur in a collection of documents. (Wiki)

« Particular words to a ar in the document more or
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Topic Model

« Key:

« A word in a doc should be chosed with a certain rule:

. Choose one topic with a certain probability

. Choose a word from this topic with a certain probability

P(Word | Doc) = ) P(Word | Topic ) * P(Topic | Doc)

Topic

Doc Topic

Doc

Word = Word *




Math

Gamma -> Beta -> Dirichlet




Gamma Function

 Let's say X", As you know
» First derivative: nxn-1
. Second derivative: n(n-1)xn-2

« K-th derivative (n>k):
n' n—k

T

So What is the 1/2 order derivative of x ?




What is the 1/2 order derivative of x ?

« Gamma function

T(x) = j0+oorx-1e-fdt
T(n)=(m-1)!
* The k-th derivative:

T(n+1) Lk
I'(n—k+1)

T————1
2

« Sowhenn=1,k=1/2; <
« The 1/2 order derivative of x = 21/—
T




Devil's Game (1)

Suppose one day you are caught by a tricky devil, and
he wants to play a game with you.

Devil has a button, once he push it, it will output a
random number between 0 to 1. He pushed 10 times, and
got 10 random numbers. (i.i.d.)

@ X > Random number

The question is "What is the seventh big number of
these ten ?" Give your answer and error no more than ¢

The distribution of X(k)




Devil's Game (1)

Px<X(k)<x+Ax)="?

« Let's say X1 is located in this area:

/\"—l —k
% Ax (I—x)”
0 | ‘ |
k-1values X X+ AXx n-;< values

‘Y:.""Yk 4\ .4\ k+l,°'°4\

n



Devil's Game (1)

/\'—1 —k
%X AX (1—x)"
O ‘ ‘ 1
k-1values X X+ AXx n-ll( values
Xyso- Xy R¢ ‘Y/r+1 .

P(E) = H P(X)=x"1-x-Ax)""Ax=x""1-x)""Ax + o(Ax)

n—1
Equivalent event : n[k 1]




Devil's Game (1)

k=2 2 —k
X (Av)>  (I-x)’
0 ‘ | |
k-2 values X X+ AXx n-l'( values
AY T '4Yk ‘Yl HYz *Yk+1 >t ‘Yn

P(E') = ﬁP(Xi) =x"?(1—x—Ax)""(Ax)* = o(Ax)




Devil's Game (1)

Thus...

P(x < X(k) < x + Ax)

(11—1)
=n P(E)+o0(Ax)
k=1
(11—1)
=7 X (1=x)"" Ax + o(Ax)
k=1




Devil's Game (1)

Thus pdf...

. P(x< X(k)<x+Ax)
J(x)=lim .

_ Beta
= n(n ljxkl (1—x)"*

k-1
n!
(k=D!(n—k)!
B T(n+1)
TR (n—k+1)

XT1-x)""* xe[0,]

xk—l (1 . x)n—k

&

_ T(CZ-I-,B) xa—l(l_x)ﬂ—l 0!=k,,3=n—k+l @

Fe

- T(@)T(p)




Devil's Game (1)

Okay! Give your answer !

letn =10, k=7

10!

— 6103 x*(1=x)’ xe[0,1]

f(x)




Devil's Game (2)

But you're wrong......bad luck

Devil shows his mercy.

He allows you to push the button 5 times and tells you
which is bigger, compared with the seventh big number,
among the 5 numbers you got




Devil's Game (2)

Target :

1id

P(X(k)|Y.Y,,---.Y ) Y.,Y,,---,Y ~uniform(0,])

m

What we know :
« Prior knowledge

f(X(k))=Beta(X |k,n—k+1)
« Say m; numbers smaller than X(k), m, bigger

Y ~B(m,X(k)) <<= Binomial
« Posterior knowledge

f(X(k)|m,m,)=Beta(X |k+m, ,n—k+1+m,)



Devil's Game (2)

Thus ...

Beta(p | k,n—k+1)+ BinomCount(m,,m,)
= Beta(p |k+m ,n—k+1+m,)

p=P(X(k))

Beta-Binomial Conjugate




If the posterior distributions p(B|x) are in the same
family as the prior probability distribution p(0),

The prior and posterior are then called conjugate
distributions

The prior is called a conjugate prior for the likelihood
function.




Devil's Game (2)

If there are 2 numbers smaller than X(7) :

Give your answer !

v
Beta(x]9,7) = = x*(1-x)°  xe[0,1]

(8)!(6)!




Devil's Game (3)

Luckily , you're right

However, Devil wants play one more time

Push 20 times, What are the 7-th and 13-th big
humber?




Devil's Game (3)

Target :
Joint distribution of (X(k;), X(K;+K>))

Solution :

7!

= DI Dk ki

h—lekQ—{xén—h—kg(Zxx)z

P(E)

x1 A x X2 A x X3

0 ki1-1values k2-1 values n-k2-klvalues 1



Devil's Game (3)

Thus pdf..
n! k=1 ky=1_ n—kj—k,
' ' 'xl X, X,
(k, —D!(k, =D (n—k, —k,)!
— T(n + 1) X kl—lx k2—1x n—k,—k,
Tk (k)T (n—k, -k, +1) " 2 °°
_ T(o,+a, + ) e
T(y)T(e,)T(exy)

f(x19x29x3) —

| Dirichlet




Devil's Game (4)

Again, He allows you to push m times, and tells you
which one is bigger among them

What we know :

« Prior knowledge
Dir(X | k)

° Say m; , My , Mj

- - —

Multi(m | x)  m=(m,,m,,m,)

« Posterior knowledge

Dir(X | k+m) Dirichlet-Multinomia



Part Three

Latent Dirichlet Allocation




LDA Topic Model

Topics

gene 0.04
dna 0.02
genetic 0.01

—

Topic proportions and

Documents .
assignments

life 0.02
evolve 0.01
organism 0.01

\-__-—””#——‘

brain 0.04
neuron 0.02
nerve 0.01

—

data 0.02
number 0.02
computer 0.61

Seeking Life’s Bare (Genetic) Necessities
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Create Document
Topic distribution of doc m
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LDA Topic Model

« Seen
« Words in the documents

P(z|w)

pV4

- Latent

Topic

Topic distribution of document
Word distribution of topic




LDA Topic Model

Keys:

e 2 Processes

9

_)
> >
04 19m Zm,n

— >
ﬁl:{> ¢k|——:l>wm,n |k:Z

m,n

« ( M+K) Dirichlet-Multinomial Conjugate




LDA Topic Model

>  Dirichlet Multinomial
a — 9m| >Zm,n

P(z, | @)= [P(z, | p)P(p|a)d p

\4 - > -
= [T1 " Dir(p|a)d p
k=1

A4 n 1 v o, —1 -
=[T1p" —=T1p"dp

= A e n,kis the # of word that
S L ﬁpknkwk—ld; topic k create in the doc m
Ala) ¥
_ A(;l)m+ ;) - _(n 1 n K)




LDA Topic Model

- Dirichlet -  Multinomial
ﬂl :>¢k| :>Wm’n|k:Z

m,n

P(wik)| §) = 201+ F)
AB)

%
| V
ng=(n, ,---n_ )

« ny is the word distribution of topic k




LDA Topic Model

e Joint distribution

P(w,z| . )

> o> >

- P(w| 2, )P(z | @)
:ﬁA(nkjﬂ)ﬁ A(nmif?)
AR T Ad)

« Then what's next?




LDA Topic Model - Mind Mapping

« Target P(z|w) = Gibbs Sampling

Sampling on P(z|w) distribution

- -

P(z.=k|z_,,w) 1=(m,n)

vV

Instacences

l97m Count Topic
> V

@, Count Words sharing the same topic




LDA + Gibbs Training

Initialization
Foreach word in docs, randomly give them a topic

Gibbs Sampling
Update the topic of every word

Repeat step 2 until Gibbs converge

Output
Topic-word Matrix




LDA Inference

« For a new document D’
« Foreach words in D', randomly pick a topic

« Gibbs Sampling, together with training output,
update the topic of every word

« Repeat step 2 until converge

%

« Counttopicin D', then we haveits 9

ncw




NLTK LDA Test

input documents:

['i love you', 'love is you and me', "it's nice to meet you", "i'm so glad to see you", 'you wanna meet me very much']
making LDA model

show topics:

0.146xlove + 0.131*meet + 0.124xsee + 0.124xi'm + 0.120*glad + 0.108xit's + 0.102*nice + 0.073*wanna + 0.072*much
0.168#meet + 0.154*love + 0.127*much P 0.127*wanna + 0.098#nice + 0.093*it's + 0.080*glad + 0.077+i'm + 0.076%see
predict==

load stopword

remove stopwords

making dictionary

[["‘i'm", 'happy', 'see']]

storing dictionary

making corpus..

[(0, 0.31474072738923797), (1, 0.68525927261076203)]

V4
N

Process finished with exit code ©



Q&A




Markov Chain Monte Carlo (MCMC)

XHERJRR -
ST REEP | FE RS RSN DS fp(X)
MRS -

NSRBI S it RYALFZRERE PRI D ThTU(X) | iHE
r(i)Pij = T(j)Pji for all ij
Nn(x)FEEIFiEoh

»

5=

.|

p(2) q(i, j)a(i, 7) = p(j) q(4, 1) e(j, i)
Q' (i.5) Q' (5.4)




MCMC

Algorithm 5 MCMC K5 72
1: VIR IRBEVI IR IRZS Xo = x0
2: Xt =0,1,2,---, P L P I FERAT RAF

® ﬁit/l\HTZ'JLﬁ EE%&W\?S?J)Q = T't, %ﬂéy ~ Q(.’13|.’13t)
o MINE) A KAfu ~ Uniform|0, 1]

o WMRu < alzs,y) = p(y)q(ze|y) WEEZHBr, -y, X =y

E ﬁﬂ”*?ﬁ%%@’ EDXt+1 = Tt




Gibbs Sampling

= eA R _ R RRA(XD, y1) |, B(x1, y2)

p(z1,y1)p(y2|71) = p(x1)p(y1]71)p(Y2|71)

(
p(z1,y2)p(y1le1) = p(z1)p(y2|z1)p(Y1]71)

3

p(z1,y1)p(Y2|z1) = (21, y2)p(Y1|21)

4




Gibbs Sampling

EX = X1iXF& £, ERFEADTmP(YPOE/EHITRIT R

[BIRVEEREEER |, BB AR W] N S e T S S s
B=(x;,y,)

D




Gibbs Sampling

Algorithm 7 —4iGibbs Sampling 5%
1: BEFARTIEH X0 = 20Y0 = yo
2: Xt =0,1,2,--- JEHRAE

L. yey1 ~ p(y|zt)

2. Ty41 ~ p(T|Ys41)




Gibbs Sampling

Algorithm 8 n4iGibbs Sampling 5.i%
1: BEMWIGE e {z; i =1,--- ,n}
2: Xt =0,1,2,--- fEHRFE

1 $(1t+1) Np(:vllzr:g),:c;(f),--- ,ng))

9 $§t+1) Np(:leivgtH),:B;(f)a ,:z:.ff))

3k =

£ g Lyl e D S0
5. -

6. x%tﬂ) Np(:,z:nl:zzgtﬂ),x%,-" 7m$ztj_11))




Gibbs Sampling on LDA

—

p(w;i = t|@k) Dir(Gk |7k, ~i + B)d Pk

—

— ‘/HmkDi’r‘(é’m|ﬁm,—,i + &)dé;n € /L,thDiT(@'k|ﬁk,—.i - 6)d93k

=~ é'mk ' @kt
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