Lecture 10

Latent Dirichlet Allocation (LDA)

Instructor: Shibo Li
shiboli@cs.fsu.edu

Department of Computer Science
Florida State University
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Latent Dirichlet Allocation FS]L[I

* Aclassical text mining model that extract topics from
the text corpus

* Broadly used in all kinds of text mining and related
tasks: information retrieval, text classification,
advertisement keywords extraction, sentimental
analysis, ....

* https://medium.com/@fatmafatma/industrial-
applications-of-topic-model-100e48a15ce4

* Avery good example to study Bayesian learning
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Latent Dirichlet Allocation
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Latent Dirichlet Allocation

Latent Dirichlet Allocation
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» https://www.jmlr.org/papers/volume3/blei03a/blei03a.pdf
> https://arxiv.org/pdf/1601.00670
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LDA: sampling procedure

* Given K topics

* First sample K topics (word distributions)

* For each document in the corpus
—Sample topic mixture distribution
—For each word in the document

* Sample the topic index, according to
which to sample the word
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LDA: graphical model

Suppose we have V words, M documents, document n has ny words

Word distribution

Multinomial
T
n ﬁk Br = [ﬂkh e Mng] parameters

K

()
N/

V by 1 one-hot vector
0,

Znj 27 word index
L nT}Z‘ r
J ]T

Wnj = [“)njh <o Wngv

(07

[
|

Only one element is 1

K by 1 vector

Ll K by 1 one-hot vector
Topic mixture

Topic index
0n =01, 0nr)" T
n = Ot O] Znj = [Znjls - - 2ZnjKc]
Multinomial Only one element is 1
parameters
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LDA: sampling procedure

O For each topic
Vn v
p(BiIn) = Dir(B.|n
77 ‘ P(Biln) ln) Hl T U
QO For each document

. F(Zl{(—l o) o a—1
0,|a) = Dir(8,|a) = ==L~ [
P(8ule) = Dir(8ul) = TS E p

QO For each word
P(2j]6,) = Mul(z,,6,,) = H 7"
k=1

v

P(Wajznin = 1,8) = Mul(w,;|8,) = []
v=1

K V
P(Wnj|znj, B) = H H Bradxtindy
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LDA: joint probability

p(8,6,Z, W|n, a)

_HDII‘ Biln) HD1r0 |a) {HMul Znj|6r) {

’,:]x

k

Il
-

j=1

f-}
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LDA: inference

How can we compute the posterior of

B={Bi,...,8x} Topicwords: critical for numerous tasks

0 ={0,...,0)} Topic mixture: low-rank representation of docs

True posterior is intractable to compute
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LDA: variational inference

* We use variational EM algorithm (empirical Bayes)

U E step: mean-field update

q(8,60,Z) = H‘ngﬁ{ lj z,,,:|

n=1

UM step

Maximize variational lower bound of the model
evidence w.r.t a,n
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LDA: variational E-step

p(B,0,Z, W|n, o)
nr x W
. H Dir(8e/n) [] Dir(@ulot)  [] Mu(angl62) {H 11 ﬁk}
n=1 j=1 . k=1v=1 EE—

Update each q(an)

Zn,k“ njv

Mul(z,,;|0,, H

k=1

log()nk Z )njv 10 6’k17:|

K Vv

q(2n;) o< exp <'IE log

<

N~———— e
S -

€xXp (Z Znjk

4(20j) = Mul(z,;|¢,,;) \

\%4

¢n]’/€ X exp (Eq 10g[9nlc] + Z wnjvK log 81@17)
v=1
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LDA: variational E-step FSM

T

¢
) Bre J

@ -y
= K
) 9} J >;}/ W~\~f J
p(B8,0,Z, Wn,a) L "Tpg

M nr R U
= H Dir(8;|n) H Dir(6,,|a) {HMul(Z"jlgn) [H H 7n]k,'wn]v:| }
j=1

n=1 — —J k=1v=1

Update each q(0y)

q(0,,) x exp (Eq

log[Dir(0,,|a)] + ilog[Mul(znj|9n)];| )

j=1
K nr '
Z(o‘k + ZEq[znjk} - 1) log enk
k=1 j=1
| 4(6,) = Dir(8,]7,)
nr
Yok =0 + Y Bqlznj]
j=1
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LDA: variational E-step

p(ﬁvevsz‘,,% a) { —F w ”U\[

K M K V
= H Dir(8,|n) H Dir(0,|a) {H Mul(z,,,|6,) [H H Biniwin }

k=1 (— n=1 k=1v=1
—

Update each ¢(8},)

M np V
q(ﬂk) X exp ( q |:10g Dll‘ 6k|77 + Zzzzn/kwn/uﬂkv )

n=1j=1v=1

T
M nr

Zlog[ﬁkl 77+ZZ]E(1[Z7L]k Wnjy — )

n=1 j=1

Q(:Bk) = Dir(ﬁkw)k) M nr
Yo =0+ D Y Eqlznjklwnjo

n=1j=1
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LDA: variational E-step FSM

* How to compute the required moments in the update?

| q(an) = Dlr(6ﬂ|’7n) Eq log[e’fﬂf]
q(8,,) = Dir(By|,) Eq 1og fro

Leave it as your review!
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LDA: variational M-step

p(B,6,Z, W, )
nr K VvV
= H Dir(8y|n) H Dir(0,|c) HMUl(Zn,jWn) |:H H z"’kw"“]
n=1 Jj=1 k=1v=1

Zk 19%) o —1
9 k—
TLeTlew) | H =

Variational lower bound

Lla) = ZlogF Zak) ZZlogF Q)

n=1k=1
M K
+ E Z(ak — 1)E,[log 0,,1] + const
n=1k=1
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LDA: variational M-step

Variational lower bound

£(@) = 3 logT(3 o) = 33 logT(aw)
n=1 (=il n=1k=1

M K
+ Z Z(ak — 1)E,[log 6,,;] + const

n=1k=1
oL o

K
—— = MU _ox) — MU(ag) + > Egllog ]

&v/’ k=1 n=1

Digamma function
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LDA: variational M-step

* Derive % Note that 7] is ascalar
Leave it as your exercise

Use any gradient based algorithm with constraints
w1 > UL >0 o ERESE

CIS 5930: Probabilistic Modeling Spring 2025



What you need to do

* Write down LDA sampling procedure and joint
probability

* Derive the variational E updates and gradients for M
step

* Implement an algorithm for LDA inference and test it
on real-world data (see homework assignments).
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