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Single Language: Supervised LDA

• Normal LDA generative story
• Document also has label yd

yd ∼N
�

yd | yd ,η>Eθ
�

Z̄
��

(1)
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How does this change topics?

Recall the joint likelihood:

p (z |α,λ, w ,η)∝ (2)
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Apply gibbs sampling equations:

p (zd ,n = k | . . . )∝ (n−d ,n
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Let’s expand last term
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∝exp

(
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η j z−d ,n
d , j yd +2
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Nd
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(7)

(8)

Expand product
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(9)

Remove constant term, explicitly write dot product
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(10)

Break dot product into k and non-k terms
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Expand product, drop constant terms
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Factor terms
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Let’s go a step further

• Latent space is really useful

• Let’s make it coherent across languages

• Requires a glue across languages
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Multiple Languages

1 For each topic k = 1 . . . K ,
draw correlated
multilingual word
distribution {βk ,ωk ,φk }

2 For each document d ,
θd ∼Dir(α)
1 zd ,n ∼Discrete(θd )
2 Draw path λd ,n through

multilingual tree zd ,n ,
emit wd ,n

3 yd ∼Norm(η> z̄ ,σ2)

H
L MN

θd

zd,n

λd,n

α

wd,n

σ

ηyd

K

βi,hτh

ωi,hκh

φi,h,lπh,l

Topic Lists Text Prediction Rule
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Encoding Correlations

• Statistical NLP typically uses Dirichlet distributions because of
conjugacy

• Parameter of Dirichlet encode mean and variance

• But we want correlations!

herbstfall fall sturzautumn fall

DEEN DEEN

Shared Concept Distribution
β~Dir(τ) 

Per-Concept German
Word Distribution
φ1,de~Dir(π) 

Per-Concept English
Word Distribution
φ0,en~Dir(π) 
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Encoding Correlations

• Statistical NLP typically uses Dirichlet distributions because of
conjugacy

• Parameter of Dirichlet encode mean and variance

• But we want correlations!

gut hǎo good
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Dictionary

dict.1

room gelass

root

dict.2

room raum platz

room zimm raum

dict.3

stub

• CEDICT (Chinese/English)

• HanDeDict
(Chinese/German)

• Ding (German/English)
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Multilingual Ontology

wish.n.04

wish wunsch

entity.n.01

entitiabstraction.n.06

cognition.n.01 event.n.01

event ereignis vorgang act.n.02

deed act handlung

speech_act.n.01

request.n.02

option.n.02

ask request anfrag wunsch

altern option choic option

preference.n.03

objekt

GermaNet
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Inference

• Jointly sample z and path λ through multilingual tree

p (zn = k ,λn = r |z −n ,λ−n , wn ,η,σ,Θ) =

p (yd |z ,η,σ)p (λn = r |zn = k ,λ−n , wn ,τ,κ,π)

p (zn = k |z −n ,α).

• Collapse out multinomial distributions in tree

• Slice sample hyperparameters

• After pass of z , update η
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Multilingual Supervised LDA

0.0
-0.4

-0.8
-1.2 0.4

0.8
1.2

himmel
gedanken
glaube
unsere
kirche
wahrheit

god
us

religion
church
human

buch
roman
leser
seiten
geschichte
handlung

book
novel
reader
pages
books
tale

essen
diät
verlieren
befinden
körper
rezepte

diet
food
eat

weight
eating
healthy

fat

buch
immer
leben
art
lesen
thema
autor

book
books
one
life

person
people

kind
kinder
eltern
baby
nacht

children
baby
child

parents
sleep

film
filme
episode
star
story
gibt

movie
film

episode
movies
scenes

separate
gives

gesellschaft
genau
überzeugt
ergebnis
mittel
verlangen

great
good

business
all

one
companies

right
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Evaluation: Learned Topics (Chinese - German)

-0.4
-0.8

-1.2
-1.6 0.0

0.4
0.8

上帝 (god)
先生 (lord)
都 (both)
宗教 (religion)
科学 (science)
社会 (community)

(god) gott
(lord) herr

(religion) religion
(universe) all

(world) welt
(science) wissenschaft

(medicine) medizin
(society) gesellschaft

好 (good)
套 (set)
宝 (treasure)
! (handsome)
两 (both)
故事 (story)
小 (small)

(good) gut
(sentence) satz

(two) zwei
(story) story

(treasure) schatz
(attractive) attraktiv

(elegant) elegant
(gem) juwel

(book) buch
(itself) sich
(that) dass
(much) viel

(no) kein
(good) gut

(when) wenn

" (book) 
恐怕 ([I'm afraid that...])
#$ (myself)
都 (both)
大部分 (mostly)
"% (book)
并非 ([really isn't])
脱 (discard)

(woman) frau
(point) punkt
(man) mann

(equal) gleich
(fast) schnell

(female) weiblich
(soon) bald

快 (quick)
点 (a little)
女人 (woman)
男人 (man)
女 (female)
男 (male)
女性 (female)
都 (both)

哈利 (harry)
& (belt)
天 (sky)
都 (both)
部 (section)
吸血鬼 (vampire)
强烈 (strong)
最后 (last)

(harry) harry
(volume) band

(sky) himmel
 (universe) all

(vampire) vampir
(last) letzt
(part) teil
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Evaluation: Prediction Accuracy

• Take large corpus (6000) of English movie reviews rated from 0–100

• Combine them with smaller German corpus (300) rated using same
system

• Compute mean squared error (lower is better) on held out data

Train Test GermaNet Dictionary Flat
DE DE 73.8 24.8 92.2
EN DE 7.44 2.68 18.3

EN + DE DE 1.17 1.46 1.39

Moral: More data, even in another language, helps
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