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Supervised LDA

[Blei & McAuliffe, 2008]

Blei and McAuliffe,

“Supervised Topic Models”,

in Advances in Neural Information Processing Systems 20
(Proc. NIPS), 2008.
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ERETIV

for sk%d = 1, 2, ..., D,
/ topic proportion 0,|a ~ Dir(a) \
for EEEn =1, 2, ..., N
r : )

topic-word assignment

Zan|@a~Mult(6,)

word observation

Xan|Zan B k}NMult(ﬁZd,n)

\response variable Yilza,m, o ~N(11T7d,02) /

for kEvo k=1, 2, .., K

topic-word proportion B
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Ideal Point Topic Model

[Gerrish & Blei, 2011]

Gerrish and Blei,
“Predicting Legislative Roll Calls from Text”,
in Proc. ICML, 2011.
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Ideal topic model: EEDIKE
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Ideal Point Topic Model
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ERETIV

for %=d =1, 2, ..., D,

/ topic proportion 0,|a ~ Dir(a)

for BEEn =1, 2, ..., Ny
[

topic-word assignment

Zan|@a~Mult(6,)

word observation

Xan|Zan {Br}~Mult(B Zd,n)
\_

J

o

\\

for kEwo k=1, 2, ..., K
topic-word proportion B
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ERETIV

forggu=1,2,..,U

L legislator ideal point

yulo-u"’N(O; Uu) ]

forizZZ2d=1, 2, ..., D,

[

bill difficulty param.

forig2u=1,2, .., U

a4z, Na, 6a~N(Mo 24, 04%)

\_

\_

vote observation

p(vay = 1lag, bg, vu) = o(ag + bgy)

~

J

~

bill discrimination param. b,;|Z4,np, 0d~N(11bT2d, Gdz)

/

exp(x)

ol&logistic function o(x) =

1+ exp(x)
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[Gerrish & Blei, 2011]
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xander

p(Way =1) =0a(ag + bgyy)

[Gerrish & Blei, 2011]
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