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Abstract This paper overviews Bayesian approaches in natural language processing that are becoming prominent.
Without any knowledge of natural language processing, Bayesian approaches to both discriminative learning and
generative modeling are described. Especially, naive bayes and its full unsupervised Bayesian modeling, DM, and
LDA are developed. These Bayesian approaches permit interesting joint modeling with continuous data, such as
images and musics.
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QUERY RETRIEVED SONGS

come on, come on, get down
Erksine Hawkins — Tuxedo Junction
Moby - Bodyrock
Nine Inch Nails — Last
Sherwood Schwartz — “The Brady Bunch’ theme song

The Beatles — Got to Get You Into My Life
The Beatles — I'm Only Sleeping

The Beatles — Yellow Submarine

Moby - Bodyrock

Moby — Porcelain

Gary Pormoy — ‘Cheers’ theme song
Rodgers & Hart — Blue Moon

come on, come on, get down
Moby — Bodyrock

B4 SELEBO— 2 -7, KOMRETIIC L 2 H#5% [26].

Fig.4 Probabilistic music retrieval from words and/or passages.
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N, RO RIEEOERET IIWITEZEEL Ty, L
L, T LV TCoORREET — ZICERET NV EEENT 4
FEH L LIFRE T, KRGTREAL 72 & 27, XA XHZi#il€
TNEERETNVERMET 5 HENSRERIND & LneE
A2 TCW5.

H RS B M O KK & U T O IBMEIR Y 1%
FRERA XS NTES T, WENREBELPHEBRVLH O
TWDLW, SEZEOARFEE RN 2 L D TE LA T 7
02— FDEAFE S L, FETHIREEIR b o> 7Y v
W &> TRIBRC 2 LV BEYNCAERTE L AL D L.

GE10) : ¥y 7 OBEITERTTEDH 100 BEL 2020, Zokikih
FATE 50, BEEOSH CTIRRGTTHAT 28 A, HoidTh] = oBEHEHEE
IFIERENTH 5.

(E11) : B RNE—EES & b LIRS TL 2MENS 5729, von Mises-Fisher
DD LI LD D, TFANDS OREREIC LD L Bbhb.

(E12) 1 2 2T HETHIBMEIER & 13V b ZRIERZ T T <, RIS RENEER
(BWR), CFETWL L, 5759 Noisy Channel €7V & L TORRBER &
WO ERE RS> T D,



(1]

3]

[4]

[5]

[6]

[9]

(10]

(11]

(12]

(13]

(14]

[15]

[16]

(17]

(18]

(19]

20]

(21]

(22]
23]

[24]

[25]

X [
C. D. Manning and H. Schiitze: “Foundations of Statistical
Natural Language Processing”, MIT Press (1999).
A. Berger and J. Lafferty: “Information Retrieval as Statis-
tical Translation”, Proc. of SIGIR 1999, pp. 222-229 (1999).
D. Cohn and T. Hofmann: “The Missing Link: a probabilis-
tic model of document content and hypertext connectivity”,
NIPS 2001 (2001).
J. S. Breese, D. Heckerman and C. Kadie: “Empirical Anal-
ysis of Predictive Algorithms for Collaborative Filtering”,
UAI 1998, pp. 43-52 (1998).
H. Takamura, T. Inui and M. Okumura:
mantic Orientations of Words using Spin Model”, Proc. of
ACL 2005, pp. 133-140 (2005).
BERSAI, FEHAR, T : “EREELC B Y 23T TV OF
B — HMM 75 CRF T =7, SFEAMSRE 12 FFERAR
(NLP2006) = — K U 7L (2006).
M. Asahara and Y. Matsumoto: “Extended Models and
Tools for High-performance Part-of-Speech Tagger”, COL-
ING 2000, pp. 21-27 (2000).
J. Lafferty, A. McCallum and F. Pereira: “Conditional Ran-
dom Fields: Probabilistic Models for Segmenting and La-
beling Sequence Data”, Proc. of ICML 2001, pp. 282-289

“Extracting Se-

(2001).
T. P. Minka: “Power EP”, Technical Report MSR-
TR-2004-149, Microsoft Research Cambridge (2004).

ftp://ftp.research.microsoft.com/pub/tr/TR-2004-149.pdf.
Y. Qi, M. Szummer and T. P. Minka: “Bayesian Conditional
Random Fields”, Proc. of AISTATS 2005 (2005).

FIRE—, MM, RN - CBIRIFTEIEICE D HERSUIR
B HSGEDZE Sy N A AR, HHILEF XS NL-159, pp.
209-214 (2004).

“CoNLL-X Shared Task: Multi-lingual Dependency Pars-
ing” (2006). http://nextens.uvt.nl/ conll/.
R. Herbrich, T. Graepel and C. Campbell:
Machines”, Journal of Machine Learning Research, 1, pp.
245-279 (2001).

S. Corston-Oliver, A. Aue, K. Duh and E. Ringger: “Multi-
lingual Dependency Parsing using Bayes Point Machines”,
Proc. of HLT-NAACL 2006, pp. 160-167 (2006).

T. Hofmann: “Probabilistic Latent Semantic Indexing”,
Proc. of SIGIR 99, pp. 50-57 (1999).

D. M. Blei, A. Y. Ng and M. 1. Jordan: “Latent Dirichlet
Allocation”, Journal of Machine Learning Research, 3, pp.
993-1022 (2003).

WA w3, 836 WH, Z&dhth : SRET 1+ V7 Lotz v
XIRDET ML L FFEET NADIGH”, HHRILIL S S Fem S
2003-SLP-48, pp. 29-34 (2003).

A. McCallum and K. Nigam: “A Comparison of Event Mod-
els for Naive Bayes Text Classification”, AAAI/ICML-98
Workshop on Learning for Text Categorization, pp. 41-48
(1998).

P. Graham: “A Plan for Spam” (2002).
http://www.paulgraham.com/spam.html.

T. P. Minka: “Estimating a Dirichlet distribution” (2000).
http://www.stat.cmu.edu/ “minka/papers/dirichlet/.

EE JUH, RS A, IR« SRET 1 V7 LTS X —
HDOREENRA XTIV HE AN AL—V VTR, RS
WHeike 2004-SLP-53, pp. 1-6 (2004).

T. L. Griffiths and M. Steyvers: “Finding scientific topics”,
PNAS, 101, pp. 5228-5235 (2004).

D. Mochihashi and Y. Matsumoto: “Context as Filtering”,
NIPS 2005 (2005).

FEfGRHE, 353 L — 8B « “Gibbs Sampling I & 2 TR T ¥ A
N5 & & BTN OYRIR”, BB YRR RS 2006, pp.
212-215 (2006).

K. Barnard, P. Duygulu, N. de Freitas, D. Forsyth, D. Blei

“Bayes Point

[26]

27]

28]

29]

(30]

(31]
(32]

(33]

and M. I. Jordan: “Matching Words and Pictures”, Journal
of Machine Learning Research, 3, pp. 1107-1135 (2003).
E. Brochu and N. de Freitas: ““Name That Song!”: A Prob-
abilistic Approach to Querying on Music and Text”, NIPS
2002 (2002).

E. Brochu, N. de Freitas and K. Bao: “The Sound of an Al-
bum Cover: Probabilistic Multimedia and IR”, AISTATS
2003 (2003).

Y. W. Teh: “A Hierarchical Bayesian Language Model
Based On Pitman-Yor Processes”, Proc. of COLING/ACL
2006, pp. 985-992 (2006).

D. Blei and J. Lafferty: “Correlated Topic Models”, NIPS
2005 (2005).

T. Minka: “The Dirichlet-tree distribution” (1999).
http://research.microsoft.com/ minka/papers/dirichlet/
minka-dirtree.pdf.

1A (2005). personal communication.

W. Li and A. McCallum: “Pachinko allocation: DAG-
structured mixture models of topic correlations”, ICML
2006, pp. 577-584 (2006).

YR K—, BoFR], SRR, AT - oA N b AR
E”, HHEFsemSs NL-117, pp. 7-14 (2005).



