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Latent Dirichlet allocation [Blei,2003]

The annual ACM SIGKDD conference is
the premier international forum for data
mining researchers and practitioners from
academia, industry, and government to
share their ideas, research results and
experiences.



Latent Dirichlet allocation [Blei,2003]
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Modeling co—occurrence:

Frequently co—occurring words

are assigned to the same topic (color)_l @




De Finetti theorem [De Finetti, 1930s]

A sequence of random variables (x1, x2, .. .) IS
Infinitely exchangeable iff, for all n

(% X0 %,) = [ [T PO, 16) p(6)I0



Latent Dirichlet allocation [Blei,2003]

Topic distribution for each document

Topic

Word distribution for each topic @\

¢, ~ Dir(B) (k=1,---, K) @

For each words:
\

Zd,i ™ Multi(Bd)

| | A
Wq,; Multl(¢zd’i) !/vorldls




Priors Matter [Wallach+,2009]

Asymmetric Dirichlet prior

DIr(y1, 75 7))

Dir(B, B, ... )

Symmetric Dirichlet prior

Dir(y,7,....,7)

Dir( 3, 5,..., 5)



Evaluation: Perplexity

Prediction of held-out words

EXP| — Zlog p(W*l traln)
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Inference algorithms

* Variational Bayes (VB)
[Blei+,JMLR2003]

 Collapsed Gibbs Sampling (CGS)

[Griffiths+,PNAS2004]
* Collapsed Variational Bayes (CVB) @\

[Teh+,NIPS2007]
 Collapsed Variational Bayes Zero (CVBO)

[Asuncion+, UAI2009] /@/
N\

N
Marginalize out parameters | 1l




Why CVBO works better?

1

/CVBO uses zero-order aylor approximation for
expectations in CVB
— CVBO Is less accurate than CVB

CVBO0 can be formulated as
a local a-divergence minimization

[Sato & Nakagawa, ICML2012]



a-divergence

minimization

Inference Marginalization a-divergence
VB [Blei+,03] — a—0
CVB [Teh+,07] 4 o—0
CVBO .
[Asuncion+, 09] v 0—1 (1)
EP [Minka+,02] — o—1
Zero forcing effect
0L < | | | >
-1 0 1
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IThe emphasis in the estimation is on high-frequency topics
| or low-frequency topics is forced to be zero




Stochastic Optimization

Scaling up: Batch data — Sub-sampling

\_

-
* Variational Bayes (VB) [Blei+,JMLR2003]
— Stochastic Variational Bayes (SVB)

[Hoffman+,Sato+,NIPS2010] ¥

\_

(. Collapsed Variational Bayes Zero (CVBO0)

[Asuncion+, UAI2009]

[Foulds+, KDD2013]

~

—Stochastic Collapsed Variational Bayes Zero (SCVBO)

/




Framework of SCVBO

~ Problem N

How to formulate SO of CVBO0

O CVBO Integrates out parameters )

Solution
4 )

When we manually adjust Dirichlet prior,
CVBO0 update ~ MAP update.

4
SCVBO0 ~ Stochastic Approx. of MAP infer.

\_ /




Question and Problem on SCVBO

r

Our contribution
/

« Why MAP works better than VB ?

J

\ * We cannot use Asym. Dirichlet prior

 Formulation of SCVBO0

— Stochastic divergence minimization

 Estimation of Dirichlet prior

(SDM)

~

\_ — Reformulate DM of [Sato+, ICML2012]




Main ldea

~ [Sato&Nakagawa, ICML2012] ~N
Infer q(z)=]]a(z;;) by DM

\ d.l  =CVBO update Y

/ This work ) 4 \
Infer

\_

a(Z,W |y, B) :Hq(zd,i | Wy )a(wy; |7, 5)

d.i =CVBO update ?
by DM
Stochastic Approy




< E[n, 1+8 EIngl+y,
q(Wy; |7, B) = EWE[WOOHZH

eave-One-Out Perplexity

eEXP —%ng q(wy ; |7/’ﬂ)i|

qQ(Wy, |7, B)



estset perplexity X LOO perplexity

NY times X CVBO with Sym.Dir

Correlation coefticient : 0.9913
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estset perplexity X LOO perplexity

NY times X CVBO with Sym.Dir

10800 = = LOO Perplexity
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- Empirical Bayes N

(7*, p*) =argmaxlog p(D |y, 5)

L VP

/Variational EM ™
(y*, p*) = arg max L(D[7,5)
Vs
. logp(Dl|y,p)=2L(Dy,p)
/This work )

Stochastic Approx.

(y*, p*) = arg max logq(D |7, /)
Y, )

@ min Leave-One-Out Perplexity ld__IQ(Wd,i

7P



Ssummary

VB SVB | CVvBO | SCVBO | This
‘03 ‘10 ‘07 ‘13 work
Data_ Batch Sub- Batch Sub- Sub-
processing samp. samp. | samp.
Memory O(VK) | O(VK) | O(NK) | O(VK) | O(VK)
Update/mini-batch - O(VK) - O(VK) | O(VsK)
HDP(Asym. Dir) 4 v/ v/ - 4

_____________________________________________________

'V: Vocabulary size

EVs: Vocab. size in sub-samples
K: # of topics
'N: Total # of words

____________________________________________________




Experimental settings

4 datasets
Dataset # of Doc. \ocab. size
DBLP 0.6M 19K
Wikipedia 1M 130K
Pubmed1M 1M 50K
Pubmed5M 5M 122K

Evaluation: Testset Perplexity

Algorithms: SVB, SCVBO0, SDM (This work)
# of Topics (Truncation level): 1000



Bayesian optimization

for tuning hyper-parameters

Dataset: Pubmedl1M
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better

—~ —SCVB0+BO — SVB+BO —— SCVBO [Foulds+13]
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Experimental result

Dataset: Pubmed5M

' - =SCVB0+BO ——SDM-S ——SDM
2

P

L1850

5

ol

o0

> 1650

<

\Jj 1450 I— I I I I I I I I I
b 10 30 40 50 60 70 80 90 100
2 Number of Documents (%)




RER BHRBEDENERET

o ROA—THVELY
- fﬁf%gg;wﬂIﬁ*ﬂl?ﬁ%ﬁié%ﬁi@d)’& LDADZIILIYXLDUE B
— (RBE)NBMXE, PG EHAAELHYZEILEZTAZIDMNITEHRSE

o FEERADLULN, TwitterDEEHTEMNE OS5
— (EEHI]) [Foulds+, KDD2013] &R D) EER
— (KE)EBROEBEIEWLFYZVIZSARLY

h7gdEB[Sato+ KDD2012] D EE (. Perplexity(4datasets), )27 F I
(2datasets), X E 5 58(2datasets)EL =L &EH LN T=

o« NER)UOFICGEBHDHATEERIIEBICANSRNE TG
— (EHI)
ZERIIZCo-Chairs|Z R BEMFEERFTLE D T, A EFHEZHESR
LIFIKDDDEFZEHIZHER) U IICELEIIZEDbNI=CENH S
FDESIZLTWAKDDIHE XL BEIZH S
— (KRE)Supplemental material DEWEEZETIL., RIETYR—RZRD B L
'3l:i</<‘aE



