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Part-of-Speech Tagging

Portland has a thriving music scene
NOUN VERB DET  AD] NOUN  NOUN



Turkish
Swedish
Spanish
Slovene
Russian
Portuguese
Korean
Japanese
Italian
Hungarian
Greek
German
French
English
Danish
Czech
Chinese
Catalan
Bulgarian

Basque
Arabic

Supervised setting: average accuracy is 96.2% with TnT (Brants, 2000)

Supervised POS Tagging Google

Research
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Resource-Poor Languages Google

Several major languages with no or little annotated data

e.g. Native speakers

Punja—bi I09 mllllon < However, lots of parallel

and unannotated data!

Vietnamese 69 million

] . Basic NLP tools like POS

Polish 40 million tagging essential for

development of
Oriya 32 million language technologies

Indonesian-Malay 37 million
Azerbaijani 20 million

Haitian /.7 million

See http://www.ethnologue.org/ethno_docs/distribution.asp?b;/=size



ja\ R K\

(s\ .

VERB DET

NOUN CON]

PRON NUM
AD] PRT
ADV

ADP X



(‘@.ﬁ“- (Nearly) Universal Part-of-Speech Tags Google

Example Penn Treebank tag maps:

NN — NOUN PRP— PRON
NNP - NOUN PRP$ — PRON
NNPS - NOUN WP — PRON
NNS - NOUN WP$ — PRON

Example Spanish Treebank tag maps:
p0 - PRON pp - PRON

np - NOUN pd - PRON  pr - PRON

nc —» NOUN pe > PRON pt - PRON
pi > PRON  px - PRON
pn — PRON

See Petrov, Das and McDonald (201 |)
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Portland has a thriving music scene
NOUN VERB DET  AD) NOUN  NOUN

Portland hat eine prachtig gedeihende Musikszene
NOUN  VERB DET AD| AD| NOUN

NOUN ADP NOUN
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State of the Art in Unsupervised POS Tagging



estimated with the |

Hidden Markov Model (HMM)

Expectation-Maximization algorithm

eeeeee

! ! } ! | } l
Portland hat eine prachtig gedeihende || Musikszene

XL : observation sequence

Y : state sequence

Merialdo (1994)
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Hidden Markov Model (HMM)
estimated with the Expectation-Maximization algorithm

one of the |12
coarse tags

! ! } ! | } l
Portland hat eine prachtig gedeihende || Musikszene

XL : observation sequence

Y : state sequence

Merialdo (1994)



Hidden Markov Model (HMM)

estimated with the Expectation-Maximization algorithm

— ! 1 ?
} |
Portland hat

transition multinomials

p(yi | Yi—1)

XL : observation sequence

Y : state sequence

Merialdo (1994)
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Hidden Markov Model (HMM)

estimated with the Expectation-Maximization algorithm

— ! 1 ?
| |
Portland hat

emission multinomials

XL : observation sequence

Y : state sequence

Merialdo (1994)
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(.A}Lf“.i Unsupervised Part-of-Speech Tagging Google

estimated with the |

Hidden Markov Model (HMM)
Expectation-Maximization algorithm

eeeeee
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! ! } } } | |
Portland hat eine prachtig gedeihende || Musikszene

= =

Danish | Dutch

EM-HMM 68.7 57.0

Johnson (2007)

65.8

63.7

75.9

/1.5

Poor average /

result

I3



(.AYLV’.‘: Unsupervised Part-of-Speech Tagging Google

Hidden Markov Model (HMM)
with locally normalized log-linear models

emission miiltinomials

p(ai | yi) ocexp @ (i, yi)

> /1 ? )
| |
Portland hat

XL : observation sequence

Y : state sequence

Berg-Kirkpatrick et al. (2010)

eeeeee



eeeeee

Hidden Markov Model (HMM)
with locally normalized log-linear models

emission multinomials

— ? !
| |
Portland hat

XL : observation sequence

Y : state sequence

suffix

hyphen
capital letters
numbers

Berg-Kirkpatrick et al. (2010) s
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Hidden Markov Model (HMM)
with locally normalized log-linear models

Estimated using gradient-based methods

emission multinomials

— ? !
| |
Portland hat

XL : observation sequence

Y : state sequence

suffix

hyphen
capital letters
numbers

Berg-Kirkpatrick et al. (2010) y



(.A}Lf“.i Unsupervised Part-of-Speech Tagging Google

eeeeee

Hidden Markov Model (HMM)
with locally normalized log-linear models

Estimated using gradient-based methods

emission miiltinomials

p(ai | yi) o< exp @ f(ai, ;)

> /1 ? )
| |
Portland hat

o =

EM-HMM  68.7 570 759 658 63.7 62.9 /1.5 684  66.7
65.1 81.3 71.8 68.lI 78.4 80.2 70.1 73.0

Feature-HMM 69.1

Improvements across all languages ”
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A&h’\ Unsupervised POS Tagging with Dictionaries GOOSIQ“

Hidden Markov Model (HMM)
with locally normalized log-linear models

State space constrained by possible gold tags

PRON
DET

AD) AD)
D | NOUN ™1 VERB [*| nuM [] ADV > ADJ (NOUN— | B
! ! } ! } ! l
Portland hat eine prachtig gedeihende || Musikszene
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Hidden Markov Model (HMM)

eeeeee

with locally normalized log-linear models

State space constrained by possible gold tags

PRON
DET

AD) AD|
D | NOUN [ VERB [P nuM [ ADV AD) —{NOUN—{ |
! ! } ! } ! l
Portland hat eine prachtig gedeihende || Musikszene

EM-HMM
Feature-HMM

w/ gold
dictionary

Danish | Dutch

68.7 57.0 759
69.1 65.1 81.3

Italian

65.8
/1.8

Portuguese

62.9
/8.4

/1.5 684  66.7
80.2 70.1 73.0

93.1 94.7 935 966 964 94.0 958 855
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Morphologically

rich languages only
have base forms in
dictionaries

For most languages,
access to high-quality
tag dictionaries is not realistic.

Ideas:
|) Use supervision in resource-rich languages
2) Use parallel data
3) Construct projected tag lexicons

20



Bilingual Projection Google

automatic labels from supervised tagger, 97% accuracy

- >

NOUN VERB DET  AD) NOUN  NOUN
Portland has a thriving music scene

21



Bilingual Projection Google

NOUN VERB DET  AD] NOUN  NOUN
Portland has a thriving music scene

7S NN

Portland hat eine prachtig gedeihende Musikszene

Automatic unsupervised alignments from translation data
(available for more than 50 languages)

22



Bilingual Projection Google

NOUN VERB DET  AD) NOUN  NOUN
Portland has a thrlvmg musm scene

/RN

Portland hat eine @cht} gedeihende Musikszene

(most fr?qEJent tag)

unaligned word

Baselinel: direct projection

Yarowsky and Ngai (2001) s



Bilingual Projection Google

Portland hat eine prachtig gedeihende Musikszene
NOUN  VERB DET NOUN AD| NOUN

+
more projected tagged sentences

supervised training

N
tagger (Brants, 2000)

Baselinel: direct projection

Yarowsky and Ngai (2001) .



Bilingual Projection Google

Baseline |: direct projection

== = =

EM-HMM - 68.7 570 759 658 63.7 62.9 71.5 84  66.7
Feature-HMM  69.1  65.1 813 71.8 68.1 78.4 80.2 70.1 73.0

Direct

voenon 73.6 77.0 832 793 797 826 80.1 747 788

Yarowsky and Ngai (2001) g



Bilingual Projection Google

Baseline |: direct projection

= = | =

EM-HMM - 68.7 570 759 658 63.7 62.9 /1.5 684  66.7
Feature-HMM  69.1  65.1 813 71.8 68.1 /8.4 80.2 70.1 73.0

Direct

orojecion  13.6  77.0 83.2 79.3 79.7 82.6 80.1 74.7 78.8

consistent improvements over unsupervised models

Yarowsky and Ngai (2001) g



Bilingual Projection

Baseline 2: lexicon projection
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FARKY Bilingual Projection Google

Baseline 2: lexicon projection

\NOUN VERB DET ADJ\ NOUN  NOUN /
Portland  has a thriving music scene

T N NN\

Portland hat eine prachtig gedelhende Musikszene -

- S



Bilingual Projection Google

Baseline 2: lexicon projection

NOUN AD)
Portlar{ thriving .
Portland gedeih\ende /

hat (prachtig> NOIN Noun
f

/ music
VERB ignore unaligned word //5C€ne
has eine Musikszene
DET /

29



Bilingual Projection Google

Baseline 2: lexicon projection

NOUN ADJ
Portlar{ thriv\ing .
Portland gedeihende :
hat Bag of alignments NOUN - SN
/ MUusIC ccena
VERB
has eine Musiks/zé
DET _—

30



Bilingual Projection Google

Baseline 2: lexicon projection
NOUN AD)]

Portland thriving

[ ]
DET |
VERB | DET |
PRON | VERB |

| Portland gedeihende ™ . P

VERB i
PRON | NOUN x [
NUM DET D) [N NOUN |

X VERB ADJ

NOUN PRON

AD) NUM

X NOUN
hat ™o NOUN

/ music
VERB N — //SCGHG

has éine " Musikszene

DET |
VERB |
a PRON
NUM |
X
NOUN 3
AD)]




Bilingual Projection Google

Baseline 2: lexicon projection

NOUN AD)
Portland thriving -
e Portland gedeihende ™y S
Pﬁﬁs ' NO:llD\j ] NOU)N(
o
ADJ PESE |
NOUI)\I( : NOUN
hat ADJ | . NOUN
/ MUSIC
VERR //scene
has éine " Musikszene
DET/‘\ o |
PRON V[I;IE; |
d NUM onhe oM
One NOUI)\I( 32

AD)



Bilingual Projection Google

Baseline 2: lexicon projection

NOUN VERB AD]
Portlar{ thriving thriving .
2z Portland gedeihende | R
Pﬁgs‘ NO:llD\j NOU)N(
NOU>N< _ VEE'E; h et
Ao v
NOUI)\I(: NOUN
hat o ~ NOUN
/ music
VERB peT [ //Scene
has g Musikszene
DET/‘\ 5 |
PRON e
d NUM gne N
One NOUI)\I< .

AD)



Bilingual Projection Google

Baseline 2: lexicon projection

After scanning all the parallel data:

DET | DET DET DET [N DET | DET |
VERB VERB VERB VERB | VERB | VERB |
PRON PRON PRON | PRON | PRON | PRON
NUM NUM NUM | NUM | NUM | NUM
X X X | X | X x 1IN
NOUN NOUN NOUN NOUN NOUN NOUN |
AD] AD] AD] | AD] | AD) ADJ |

Portland gedeihende hat  eine Musikszene

p(wa) = probability of a tag given a word

J

Dict(x) = {y : p(y|x) > 7}

34



Bilingual Projection Google

Baseline 2: lexicon projection

Feature HMM constrained with projected dictionary

=2 s

o =

EM-HMM - 687 570 759 658 63.7 62.9
Feature-HMM 69 | 65 | 8 | 3 7| 8 68 | 784

Direct

orojection 3.6 77.0 83.2 793 797 82.6

Projected

Dictionary 19-.0  78.8 824 763 84.8 87.0

/1.5 684  66.7
80.2 /0.1 73.0

80. | 747 788
828 794 81.3

Improvements over simple projection for majority of the languages _



R\ RKN Google
No information about unaligned words

NOUN VERB DET  AD] NOUN  NOUN
Portland has a thriving music scene

/A SNN

Portland hat eine gedelhende Musikszene
Can coverage be improved?

Idea:

Projected lexicon expansion
and refinement using
label propagation

36



(@i Our Model: Graph-Based Projections Google

How can label propagation help?

For a language:

¥  Build graph over a 2M trigram types as vertices
¥ compute similarity matrix using co-occurrence statistics

¥  Label distribution at each vertex
= tag distribution over the trigram’s middle word

Subramanya, Petrov and Pereira (2010)

37



Example Graph in German  Google

gutem Essen zugetan

ist wichtig bei zum Essen niederlassen

ISt g’ut pet T fuers Essen drauf

ist fein bei /mssen und

|
ist lebhafter bei 1000?%” pro \

\ p
*
*
*
*
/ ‘
0“
‘0
*

ZUu realisieren ,

ZU erreichen ,

zu stecken ,

\ ZU essen ,
., \ 38



Example Graph in German  Google

gutem Essen zugetan

NOUN

ist wichtig bei zum Essen niederlassen

ISt g’ut pet T fuers Essen drauf

ist fein bei /mssen und

|
ist lebhafter bei 1000 E/ssen Pro \

\ p
*
*
*
*
/ ’
0“
‘0
*

zu realisieren , ‘

Zu erreichen ,

zu stecken ,

L ) \ VERB




@ Our Model: Graph-Based Projections Google

How can label propagation help?

For a target language:

¥  Build graph over a 2M trigram types as vertices
¥ compute similarity matrix using co-occurrence statistics

¥  Label distribution at each vertex
= tag distribution over the trigram’s middle word

Plug in auto-tagged words from a source language
Links between source and target language units are
word alighments

K 4K

40
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Bilingual Graph Google

<i\ .
ADJ
AD] ADV |m|:)0rtant m Essen z n
d0od nicely gutem Essen zugeta
ADJ
fine It W'Cht'q bei zum Essen niederlassen
ISt g_t bei T fuers Essen drauf

ist fein bei schlechtes Essen und

|
ist lebhafter bei 1000?sen Pro \

\ p
*
*
*
*
*
0“
‘0
*

ZUu realisieren ,

ZU erreichen ,

NOUN

food VERB
ZUu stecken , .

ZU essen , eating
cat VERB:.

VERB




@ Our Model: Graph-Based Projections Google

How can label propagation help?

For a target language:

¥  Plug in auto-tagged words from a source language
¥  Links between source and target language units are
word alignments

¥  Run first stage of label propagation
¥  Source language — target language

42
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First Stage of Label Propagation ~ Google

% eeeeee
ADJ
qA(‘)%J ; n'lAcDe\I/y |mportant gutem Essen zugetan
ADJ /’
fine Ist W'Cht'q bei zum Essen niederlassen
st g_t bei T fuers Essen drauf

ist fein bei schlechtes Essen und

|
ist lebhafter bei 1000?sen Pro \

\ p
*
*
*
*
*
0“
‘0
*

ZUu realisieren ,

ZU erreichen ,

NOUN

food VERB
ZUu stecken , .

ZU essen , — = eating
cat VERB::

VERB
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ADJ
ADJd ADV |mportant
good nicely ADV
AD]J AD] b
fine ist W|cht|q bei
ist g_t beit T
ADV
AD) h\ -----

| ist fein bei

ist lebhafter bei

* “
‘0
*

ZUu stecken ,

\’
%
-
-
*

First Stage of Label Propagation

ZUu realisieren ,

NOUN
VERB

Google
gutem Essen zugetan

zum Essen niederlassen

fuers Essen drauf

schlechtes Essen und
1000 Essen pro \

’/
*

0

.

/

ZU erreichen ,
NOUN

food VERB
ZU essen , eating
L Eal VERB:
. VERB



@ Our Model: Graph-Based ProjectionsGRthgle

How can label propagation help?
For a target language:

¥  Plug in auto-tagged words from a source language
¥  Links between source and target language units are
word alignments

¥  Run first stage of label propagation

¥  Source language — target language
¥  Run second stage of label propagation
¥  within target language vertices
¥  graph objective function with squared penalties

45
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ADJ
ADJ ADV |mportant
good nicely ADV
AD]J AD)
fin \ |s_t__yV|cht|q bei
ist g_t bei =
‘ADV ii
AD] N~ e

| ist fein bei

ist lebhafter bei

0“
‘0
*

ZUu stecken ,

*
’0
*
*
*

Second Stage of Label Propagation

ZUu realisieren ,

NOUN
VERB

Google
gutem Essen zugetan

zum Essen niederlassen

fuers Essen drauf

schlechtes Essen und
1000 Essen pro \

’/
*

0

.

/

ZU erreichen ,
NOUN

food VERB
ZU essen , eating
L Eal VERB:
. VERB
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Second Stage of Label Propagation Google

(i\ o
_ ADJ
Clpc‘)%Jd nf‘cDeYy Important gutem Essen zugetan
ADV
AD] \ AD] b
fine < ........'.S.JE.‘.N'Cht'f'_ bei zum Essen niederlassen
- s -
st g,—t{ fuers Essen drauf
o AD)] /
O e S DA aeeet /\
] ist fein bei schlechtes Essen und
LY . 1000 Essen
ist lebhafter bei OOO/sse Pro \

ADV
AD) h .

Zu realisieren ,

ZU erreichen ,
"""" NOUN
0000 food VERB

zu stecken ,

zZu essen , eating
\ oo E— - eat
S eat VERB

VERB
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Second Stage of Label Propagation Google

(i\ o
_ ADJ
Clpc‘)%Jd n?c[)eYy Important gutem Essen zugetan
ADV
AD] \ AD] b
fine < ........'.S.JE.‘.N'Cht'f'_ bei zum Essen niederlassen
- s -
st g,—t{ fuers Essen drauf
o AD)] /
O e S DA aeeet /\
] ist fein bei schlechtes Essen und
LY . 1000 Essen
ist lebhafter bei OOO/sse Pro \

ADV
AD) h .

zu realisieren |,

NOUN

D 2
zu erreichen ,
"""" NOUN
0000 food VERB

ZU stecken 20 esson e

VERB L NOUN — _ eat
e eat VERB:s

VERB




@ Second Stage of Label Propagation  Google
AD]J
ADJd AD\I/ important - E N
goo nlce! \ ADV
AD] AD) h
fine ist wichtig bei
- DL L L . .
st qut bei T, Continues till convergence...
. o) I—
[ ADv e, O -
: ist fein bei N schlechtes Essen und
v
ist lebhafter bei lOOO?sen Pro \
ADV :
AD] i\ yd :
zu realisieren |, NOUN -
.................... > VERB
ZU erreichen ,
~~~~~ NOUN
vecken . X food VERB
zU STEC en ZU essen , eating
NOUN —— — eat
VERB L\ ouN L\ eat =
. VERB




(@ Our Model: Graph-Based Projections Google

End result?

DET | DET DET per DET | DET |

VERB | VERB VERB VERB VERB | VERB |
PRON PRON PRON PRON | PRON | PRON |
NUM | NUM NUM | NUM NUM | NUM
X | X X | X X x
NOUN NOUN NOUN | NOUN | NOUN NOUN |
AD] AD] AD] | AD] | ADJ AD]

Portland gedeihende hat  eine Musikszene

DET | DET | DET
VERB | VERB | VERB
PRON | PRON | PRON
NUM | NUM | NUM

X ADV | X
NOUN NOUN NOUN
AD/ N AD) N AD

fein lebhafter realisieren

50



@@ Our Model: Graph-Based Projections Goc

A larger set of tag distributions — better and larger dictionary

DET | DET DET peT [N DET | DET |
VERB VERB VERB h VERB | VERB | VERB |
PRON PRON PRON | PRON | PRON | PRON |
NUM NUM NUM NUM | NUM NUM
X X X X X x
NOUN NOUN NOUN NOUN NOUN NOUN
AD] AD] ADJ] | AD] | AD] AD]

Portland gedeihende hat  eine Musikszene

DET | DET | DET
VERB | VERB | VERB
PRON | PRON | PRON
NUM | NUM | NUM

X ADV | X
NOUN NOUN NOUN
AD) N AD) N AD)

fein lebhafter realisieren

51



@ Our Model: Graph-Based Projections Google

Lexicon Expansion

¥ Projected Dictionary ™ Graph-Based Projections

20
thousands 100

of words 80
60
40
20

52



Brief Overview:

Graph-Based Learning
with Labeled and Unlabeled Data

eeeeeeee



supervised label

distributions
0.05

labeled datapoints

Vs 0.8 V4

W = symmetric weight matrix
Wi = (W] = sim(v;, v,)

£Nu, Qnanramani anda Larerty (Zuus)

distributions
to be found

54



Label Propagation

Zhu, Ghahramani and Lafferty (2003)

55



Label Propagation Goog[e

Q;; < argmin Z wij-Hqi—qu; A - Z q, 7

set of distributions over unlabeled vertices

56



Label Propagation

unlabeled vertices

57



Label Propagation Goog[e

2 (s

qdi
0.9
‘ q,
/05 0.8 U4
QF « | 2 \ 1|
[/ arg min Z W; qu - qJHZ Z q; |L|
Q U V; € VU U4 EN ( (V) z) V; € VU 2

brings the distributions of similar
vertices closer .



Label Propagation Go ()316’“

Size of the
label set

. 1
Qi «argmin Y wy g, —ql,+ 2 D g, V7
Qu fUiEVU,’Uj E./\/'(vi) v; €EVu 2

brings the distributions of uncertain neighborhoods
close to the uniform distribution 2



Label Propagation Goog[e

Qi «argmin Y wy g, —qll, +A Y g T

Iterative updates for optimization

60



Final Results
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@ Our Model: Graph-Based Projections Google

Feature HMM constrained with graph-based dictionary

EM-HMM - 68.7 570 759 658 63.7 62.9 715 684  66.7
Feature-HMM  69.1 65.1 81.3 71.8 68.1 78.4 80.2 /0.1 73.0

Direct

orojection 3.6 77.0 83.2 793 79.7 82.6 80. | 747 788
fojected 790 788 824 763 848 87.0 828 794  81.3

Dictionary

CraphBased g3 9 795 828 825 868 879 842 80.5 83.4

Projections



@ Our Model: Graph-Based Projections Google

Feature HMM constrained with graph-based dictionary

ZEe EnE O e

EM-HMM - 68.7 570 759 658 63.7 62.9 715 684  66.7
Feature-HMM  69.1 65.1 81.3 71.8 68.1 78.4 80.2 /0.1 73.0

Direct

roieon 736 770 832 793 797 826  80.1 747 788
ekced 790 788 824 763 848 870 828 794 813

o 832 79.5 828 825 868 879 842 805 83.4

weld 93| 947 935 966 964 940 958 855 937

dictionary

supervised  76.9 949 98.2 978 958 97.2 96.8 948  96.6



AR Concluding Notes Goo

¥ Reasonably accurate POS taggers without direct
supervision
PEvaluated on major European languages

¥ Towards a standard of universal POS tags

¥ Traditional evaluation of unsupervised POS taggers
done using greedy metrics that use labeled data

POur presented models avoid these evaluation methods



PAREY Future Directions Google

¥ Scaling up the number of nodes in the graph from 2M
to billions may help create larger lexicons

¥Including penalties in the graph objective that induce
sparse tag distributions at each graph vertex

¥Inclusion of multiple languages in the graph may
further improve results

PlLabel propagation in one huge multilingual graph



Projected POS Tagged data
available at:

http://code.google.com/p/pos-projection/

eeeeeeee



Google

Questions?

NOUN VERB DET  AD)] NOUN  NOUN
Portland has a thriving music scene

Portland hat eine prachtig gedeihende Musikszene

Portland tiene una escena musical vibrante
ADJ

pb> = °y \5,,% R 17

Portland a une scene musicale florissante
AD] 67



