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Main pants

Asped model isimportant and dfficult
— PCA for discrete data

How variational methods can fall
Extensions of Expedation-Propagation

Using EP for maximum likelihood



Generative aspect model

(Hofmann1999; Blei, Ng, & Jordan 2001)

Each document mixes aspects in different proportions

Aspect 1 Aspect 2




First interpretation

Aspect 1 Aspect 2

x 1-A

p(word w)

l Multinomial sampling

Document

p(A) ~ Dirichlet(ay,...,a ;)



Seoondinterpretation
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Sample from
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Doc i Word 1 Word 2 Word 3




Two tasks

|nference

e Glven aspeds and dacument I, what is
(posterior for) A.?

Leaning:
e Glven some documents, what are
(maximum likelihood) aspeds?



Variational method

Blel, Ng, & Jordan, NIPS01

Uses (A, Z) interpretation

Inference fadored variational distribution
q(A)a(2)

Leaning:

—Estep (A, 2)

— M-step (p,a) (aspects, aspect weights)



Expedation Propagation

Uses (A only) interpretation
Inference EP of Dirichlet posterior
q(A)
Leaning:
— E-step (A)
—M-step (p,a) (aspects, aspect weights)
Fewer |atent variables — better



Geometric interpretation

o Likelihoodiscomposed of terms of form
t,(A)™ = pW)™ = A, p(w|a)™

« Want Dirichlet approximation:

t,(A) =[]



Variational method

 Boundead term via Jensen’s inequality:
> Ap(w|a)2 ] AP x (const)
a a

e Couped eguations:

B,. U expklogA, >)p(w]|a)



Moment matching

e Context function: all but one occurrence

q"(A) =t, ()™ [t )™

W'ZW

e Moment match:

t,(A)a"(A) < ,(A)a"(A)

e Fixed pant equationsfor B



Oneterm

t (A)=(1)0.4+(1-1)0.3

q(r)

—— Exact
— VB
EP




Ten word document
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Moments for ten word doc

Mean Variance
Exact 0.393 0.0613
EP 0.393 0.0612
Variationa 0.365 0.0178




1000 word document

||' \ '| —— VB
EP

q(*)
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Moments for 1000 word doc

Mean Variance
Exact 0.250 0.0015
EP 0.252 0.0015
Variational 0.252 0.0002




Genera behavior

* For long d@uments, VB recovers corred
mean, but not corred variance

e Optimizes global criterion, only acarate
locdly

 What abou leaning?



Leaning

Want MLE for aspeds
Requires marginalizing A

p(doc) IS probability of generating dac
from arandom A

Consider extreme approximation:

— Probability of generating from most likely A
— Ignoresuncertainty in A (“Occam fador”)
— Used by Hofmann (1999)



Toy problem

Two aspeds over two words

— p(w=1]a) describeseach

One aspect fixed to pw=1|a2) =1

A Isunform,i.e a=1

p(w=1) =(A) p(w=1|al) +(1-A) p(w=1|a2)

A
Aspedl Asped?2

>  p(w=1)



Exact likelihood vs. M ax
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likelihood

EP likelthood vs. VB

—— Exact
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p(w=1|al)

VB not much different from Max



likelihood

100 documents
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EP better, VB worse




likelihood
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— EXxact
--- VB
EP \
\
. P Bu |
0.2 0.4 06 0.8
p(w=1[al)

VB not helped




Why VB fail s

« Doesn’t capture posterior variance of A
— No Occan fador

o Getsworse with more documents
 Doesn’t matter If posterior is arp!
— Longer documents

— More distinct aspects
Both sharpen paosterior, but do nat help VB



p(w=2|a)
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p(w=2|a)
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p(w=2|a)
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p(w=2|a)
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Pemplexity
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Perplexity

« EP and VB models have nealy same
perplexity (1)

* Perplexity is document probability,
normali zed by length
— Dilutes the penalty of extreme aspects

e Better measure: classficaion error



Summary & Future

Approximate inference can lead to hiased
leaning

— Must preserve “Occam fador” terms
Moment matching daes well

Simpler methods may also work
— Areaof aspect simplex

Make visuali zaions!



