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Methodology

« Statistical NLP

o

e

NLP System



Chinese Corpus

Name _____|Resource __|Size |ForTasks | Institutionl

98, 2000 year 10M  Word Segment,

People Daily People Daily words POS Tagging AL

Chinese

Dependency  People Daily S(ce)rl1<t [P)aergienndency HIT

Treebank J

Weibo : 50K :

Treebank weibo.com cent Parsing HIT, DataTang
Chinese 10K Semantic Role  University of

Propbank NEERITE sent Labeling Pennsifania



NLP Models

Task | Problem ___|Model | Optimizing

Word Seg,
POS Tagging,
NER

Dependency
Parsing

Semantic
Role Labeling

Sequence
Labeling

Graph-based

Transition-
based

Classification

L-BFGS,
CRF SGD
Structure MIRA, PA,

Perceptron AP

Logistic Regression, SVM

Viterbi

Viterbi,
Beam Search

MST

Shift-reduce

ILP
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HIRRERE

1R =) HETRER RE EE
yaNI=l F1 = 97.2% 119M | 177KB/s
NIV Structured _

At E Ei———— Acc = 97.8% 291M | 106KB/s
CE=1S MY NIREH] F1 = 93.6% 21M | 150KB/s
IK1Z6)E54%r | 2-order MST LAS/UAS = 81.1/84.2 | 974M | 0.8KB/s

EY fAtfmE | MaxEnt(Ll) + ILP | F1 =77.9 94M | 3.2KB/s
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S5BIMNRNTATRIRIR SRS
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N N =
LTPEEYEF 66.01% 50.84%

LTPAYEF 17.48% 29.55%

=y 4.58% 5.30%

EBAEF 11.93% 14.31%



CoNLL 2009
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Rank|Svstem|Averaae|Catalan/Chinese| Czech |Enalish|German/Japanesei/Spanish
1 |Che 82.64| 81.84|@ 76.38|@ 83.27| 87.00|@ 82.44 85.65| 81.90
2 |Chen 82.52|@ 83.01 76.23| 80.87|@ 87.69| 81.22 85.28| @ 83.31
3 |Merlo 82.14| 82.66| 76.15| 83.21| 86.03| 79.59 84.91 82.43
4 |Bohnet 80.85| 80.44| 75.91| 79.57| 85.14| 81.60 82.51 80.75
5 |Asahara 78.43| 75.91 73.43| 81.43| 86.40| 69.84 84.86| 77.12
6 [Brown 77.27| 77.40| 72.12| 75.66| 83.98| 77.86 76.65| 77.21
7 |Zhang 76.49| 75.001 73.42| 76.93| 82.88| 73.76 78.17| 75.25
8 |Dai 73.98| 72.09| 72.72| 67.14| 81.89| 75.00 80.89| 68.14
9 |Lu Li 73.97| 71.32| 65.53| 75.85| 81.92| 70.93 80.49| 71.72
10 |Lluis 71.49| 56.64| 66.18| 75.95| 81.69| 72.31 81.76] 65.91
11 |Vallejo 70.81| 73.75| 67.16| 60.50, 78.19| 67.51 77.75| 70.78
12 [Ren 67.81| 59.42| 75.90| 60.18| 77.83| 65.77 77.63| 57.96
13 |Zeman 51.07| 49.61| 43.50| 57.95| 50.27| 49.57 57.69| 48.90
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» https://github.com/HIT-SCIR/Itp

https://github.com/HIT-SCIR/Itp

O This repository Explore Gist Blog Help Mcarﬂy +~ D. o P

HIT-SCIR/ Itp @ Unwatch~ 66 s Unstar 237 Y Fork 149

Language Technology Platform http:/www.ltp-cloud.com — Edit

<> Code
478 commits 3 branches 11 releases 6 contributors
© lIssues 4
m p branch: master v Itp / + =

Il Pull requests o

Update api.rst
- EE Wiki

O: endyul authored on Mar 13 latest commit @deb13843c [
B cmake fix windows bugs 2 years ago 4~ Pulse
M conf fix issue #34 2 years ago

fali Graphs
I doc Update api.rst 2 months ago
B examples [add] new namespace framework to extract common code, erase executabl... 6 months ago ¥/ Settings
i src Merge branch 'master’ of https://github.com/HIT-SCIRAtp 3 months ago

- HTTPS clone URL

B test [add] Fully support compiling on OSX 4 months ago

https://github.com/i | B
I test_data ignore CMake files; update .travis.yml to cmake 2 years ago

You can clone with HTTPS, SSH,

i thirdparty [cont.] clear up 6 months ago or Subversion. @
I tools revise customized conf 6 months ago (4 Clone in Desktop

B .gitignore [add] sphinx doc support 3 months ago <> Download ZIP
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« IR "BEEHRAFER"
- BT AITERANF X BIAE S EIRSS
— http .//www.ltp-cloud.com/
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import urllib2, urllib, sys

uri_base = http://api.ltp-cloud.com/analysis/?

api_key = "YourAPIKey"

text = urllib.quote("FZEJtm=KZ]")

format = sys.argv[1]

url = "{}api_key={}&text={}&format={}&pattern=all".format(uri_base, api_key, text, format)
print urllib2.urlopen(url).read()

More Language and Documents
— https://qgithub.com/HIT-SCIR/Itp-cloud-api-tutorial
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Deep Learning

 Learning Hierarchical Representations

« It's deep if it has more than one stage of
non-linear feature transformation

— Successful in image, video and s

* | Feature
L 4

Low-Level
=D

High-Level
e >

Feature

Trainable
Classifier

neech processing

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]



Deep Learning for NLP

Phrase,
Sentence, Doc

Representation

NLP Tasks:
Knowledge Uelge Tagging,

Base Representa Parsing,

Construction Paraphrasing,

tion Q&A, ...

Better Word
Representation




Deep Learning for NLP

Phrase,
Sentence, Doc

Representation

NLP Tasks:
Knowledge Tagging,

Base Parsing,
Construction Paraphrasing,
Q&A, ...

Better Word
Representation




Typical Approaches

 1-hot representation: basis of bag-of-
word model

— high-dimensional, sparse, binary

star 1[0,0,0,0,0,0,0,0,1,0,0,0,0, ...]

sun [0,0,0,0,000,1,0,0,0,0,0,..]

sim(star, sun) = 0 @



Distributed Word Representation

Mapping words to low dimensional, dense,
continuous vectors (word embedding)

Property

— Similar words situate clsoe positions
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Neural Network Language Models
(NNLM)

Feed Forward (Bengio et al. 2003)

i-th output = P(uw; = i | context) * Maximum-Likelihood Estimation
normalized exponential * Ba C k- p ro pagati O n
* Input: (z—1) embeddings

(n—1)d

h
ak:bk—i—Zﬂ ki tanh(c; + Z
i=1

- Z log P(w;|wi—n41, - - We—1)
t



Recurrent Neural Network Language
Model (RNNLM)

« Mikolov et al. (2010-2013)

— Compute:
h(t) = f(Uw(t) + Wh(t — 1))
y(t) = g(Vh(t)) N

— U is the Embedding Matrix —



Word2vec

CBOW and Skip-Gram (Mikolov et al. 2013)
— https://code.google.com/p/word2vec/

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT

w(t-2) w(t-2)

w(t)

CBOW Skip-gram



Deep Learning for NLP

Phrase,
Sentence, Doc
Representation

NLP Tasks:
Knowledge Uelge Tagging,
Base Representa Parsing,

Construction c Paraphrasing,
e Q8A, ..

* Learning Sense-specific Word Embedding
by Exploiting Bilingual Resources, Coling
2014

e Sentiment-Specific Word Embedding, ACL
2014, Coling 2014



Word and Sense Mapping

Sense space

Word space
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Related Work

« Huang et al. (2012), Reisinger and
Mooney (2010)

— Learning Multiple-prototype Word
Embeddings

« embeddings for each word
« Context clustering method

— Problem

« Inexactly clustering

« Ignoring the fact that the number of senses of
different words are varied



Our Approach

« Represent words with sense-specific
embeddings

« Word sense induction using a bilingual
approach

 Train embeddings on the sense-tagged
corpus



Bilingual data
(E: English, C: Chinese)

E: The criminal is subdued at last

C: FR90 £ i HilIk

1

E: The policeman wearing uniform

C: 5% fillls w1 B

E: She overpowered the burglars
C: b Bk 1 B3

E: They wore uniforms made in China

C:tfi] &5 E A/ 1 ik

5| eeeces

® Project ’4-----------

Monolingual
sense-labeled data

1 GBI0 & # HilR 4o

2 B R g B B

3|4tk HlR gy T T3

4 AlAT] B R E AP B R g

=

@ Extract

SL word

il Al

Translations

subdue
uniform
overpower
subjugate
vestment

@) Cluster ‘

overpower

HIR#] —
(clothes)

vestment

a—

il Hix#2
(defeat)

Sense-specific
word embeddings

ﬁ E:ZI #1 #1 #1
] # | <Vp s V2 5 eees VN >

#_ #
Hilif <, v, ..




Word Similarity Evaluation

« A manually constructed Polysemous Word Similarity
Dataset

« Measurement
— Spearman Correlation
— Kendall Correlation

« Quantitative Evaluation

System MaxSim AvgSim

p x100 | 7 x100 | p x100 | 7 x100
Ours 554 40.9 49.3 35.2
SingleEmb 42.8 30.6 42.8 30.6
Multi-prototype 40.7 29.1 38.3 27.4




Word Similarity Evaluation

 Qualitative Evaluation: K-nearest neighbors

Word Nearest Neighboors
ﬁiIJHEuni orm rﬁgdress’ zgHﬁpoliceman uniform

%UHESubdue *T midcfna ts iﬁ mibeat ’ ﬁEHEconq uer
Mspena | R cost, T save,. ﬁ‘” Rrest .

ZEflower %greens, u+leafa %g‘gfruit
?ilaw ifé'\ordinancea &ﬁbillo &ﬁﬂrule

N PO
Bmetnoa | B Geoncept, 7T Rscheme
V) % \ -
{z French 1%6'(3 rmany» ﬁt Russias K Britain
A 115y y,
"'ﬁglead L = supervises {%%decision

A EL 1 A =
_Jj_‘rleadcr +B chiefs £ E]boss




Deep Learning for NLP

Phrase,
Sentence, Doc
Representation

NLP Tasks:
Knowledge Uelge Tagging,
Base Representa Parsing,

Construction c Paraphrasing,
e Q8A, ..

e Learning Sense-specific Word Embedding
by Exploiting Bilingual Resources, Coling
2014

* Sentiment-Specific Word Embedding,
ACL 2014, Coling 2014



Why Sentiment Embedding

Existing context-based embedding learning
algorithms are not effective enough for
sentiment analysis

« For example

5/glr

... formed the good habit of ...
... formed the bad habit of ...

kdd
@ good
Wsdm bad

@ beijing

shangha/

Same contexts

The words with similar
contexts but opposite
sentiment polarity are
mapped into close vectors.

_/




An illustration about models

« Basic idea

— Consider the contexts of words and
sentiment of sentences

— We introduce two hybrid models

Softmax (0®) ® positive

® negative

Linear (‘o9 (@) Linear @ context
HTanh 00000000 HTanh 00000000
Linear (.C..“..O.) Linear (QQ..‘....)
RN

Lookup (0000 0000 ©000 0000 0000 Lookup (0000 @000 @000 @000 0000

Wi—c Wi—ct1 = Wi o Wigeq1  Wige Wi—c Wi—ct1 = Wi o Wite1 Wige

(a) Hybrid Prediction Model (b) Hybrid Ranking Model




Application 1.
Word Level Sentiment Classification

 Task description

— Given a word, we classify its sentiment polarity
as positive or negative

— We use word embedding as word feature

good— @ ® —» \ — |‘§

Sentiment Lexicon | Size | #Positive | #Negative

bad — @®— |1 — S BI-Lexicon 6.786 | 2.006 1,780
love —» @® — [ —» yff MPQA 6,451 | 2,301 4,150

poor—» (@ ® —» R

o NRC-Lexicon 2,999 2,231 3,324
— ,l

« Experimental Setting

— Supervised learning with cross validation,
accuracy.



Application 1.
Word Level Sentiment Classification

« Experimental Results

: N-Fold = 5
Embedding BL | MPQA | NRC
C&W 76.2 70.5 68.1

Hybrid models that capture both context-level
and sentiment-level information perform best

SE-SPred 80.8 78.2 73.3
SE-SRank 78.6 76.2 71.3
SE-HyPred 86.0 | 85.3 | 77.5
SE-HyRank 83.9 80.1 5.7




Application 2:
Twitter Sentiment Classification

 Task description

— Given a tweet, we classify its polarity as Positive,
Negative OR Neutral

« Apply sentiment embedding as features

— Advantage: learning features automatically
without feature engineering

Massive I Embedding
Tweets Learning
Training I Feature 1 Learning ,| Sentiment
Data Representation J Algorithm Classifier




Application 2:
Twitter Sentiment Classification

« Experimental Settings
— We train supervised classifier on SemEval dataset.

— We use min/max/avg pooling (simple and
effective for tweets) as composition function.

Sentiment embedding features perform comparable _
* with state-of-the-art hand-crafted features.

SVM + unigram 74.50
SVM + uni/bi/tri-gram 75.06
NBSVM 75.28
RAE 75.12
NRC (Top System in SemEval) 84.73
SE-HyRank 84.98
SE-HyRank+NRC 86.58




Application 2:
Twitter Sentiment Classification

Our system yields the second place among
45 systems. (Red bar is our system.)

SemEval2014-Twitter2014

72.00
70.00 -
68.00 -
66.00 -
64.00 -
62.00 - [
60.00 -
\o\o\o“b\\ \/&-cx@@&&e\os"’@
N . .
S :;é*’ I OO I
& & & & & PN & O @Q Q° ® O N NG © $ & & e
& ° & ® & L FOaNe) <8 3 oy DI Y < & ¢ LK
N ¥ ¥ & ¥ X &SN T Y ¥ L ¥
¥ W O 3 S © \% = 2 N 0‘9 o \Y; & % e Q \{‘)' o
P 2 X & K S € o DR N G R RN
& LS R N & RO N @7 S
C < v.




Application 3:
Building Sentiment Lexicon

« We regard building sentiment lexicon as a
phrase-level sentiment classification task
— Train a phrase-level sentiment classifier with

supervised learning, regarding sentiment
embedding as features.

POS: good :) Seed POS: wanted fave

NEG: poor :( . NEG: goon Llooser
NEU: when he Expansion NEU: again place 1 N Learning
Sentiment Seeds Training Data Algorithm Sentiment
Lexicon
( . good: [1.31,0.97]
& 50000 nice~ :) Representation coool :[0.99,1.17]
o 3 . Learning bad: [-0.81,-0.7]
011: s horrible :( mess: [-0.8,-0.72] -
Tweets with Emoti Sentiment
Weets with Emoticons Phrase Embedding Classifier




Application 3:
Building Sentiment Lexicon

« Experimental setting

— Apply sentiment lexicon as features in existing

supervised pipeline for Twitter sentiment

Although the generated sentiment lexicon is not the
largest one in literature, it outperforms previous

* ones when used for Twitter sentiment classification.

Lexicon Positive | Negative | Total
HL 2,006 4,780 6,786
MPQA 2,301 4,150 6,451
NRC-Emotion 2.231 3.324 5.555
TS-Lex 178,781 | 168,845 | 347,626
HashtagLex 216,791 | 153,869 | 370,660
Sentiment140Lex | 480,008 | 260,158 | 740,166

Lexicon Unique | Appended
HL 60.49 79.40
MPQA 59.15 76.54
NRC-Emotion 54.81 76.79
Hashtaglex 65.30 76.67
Sentiment140Lex | 72.51 80.68
TS-Lex 78.07 82.36




Conclusion

« We learn sentiment embedding to
capture both contexts of words and
sentiment of sentences.

« We apply sentiment embedding to
three applications in sentiment
analysis, and show its effectiveness.



Deep Learning for NLP

Phrase,
Sentence, Doc

Representation

NLP Tasks:
Word Tagg.ing’
Representa Parsing,
- Paraphrasing,
. Q&A, ...

Learning Semantic Hierarchies
via Word Embeddings, ACL 2014

Better Word
Representation




Semantic Hierarchies

« Learning Semantic H|erarch|es via

Word Embeddings G
— car — automotive ﬁ/ $\_

blcycle

» hypernym: automotive 74\ S R

 hyponym: car = £ )

-
) . A e B

— manually-built semantic hierarchies
« WordNet
« HowNet
« CilinE (Tongyi Cilin - Extended version)



Previous Work

« Pattern-based method
— e.g. "such NP1 as NP2”
« Hearst (1992) ; Snow et al. (2005)

Translation

w is a [a kind of | h
w[,] and other h
h[,] called w

H w
(%10 w h[.] such as w
' W h[,] especially w

« Methods based on web mining

— assuming that the hypernyms of an entity co-occur with it
frequently

— extracting hypernym candidates from multiple sources and
learning to rank

« Fu et al. (2013)



Word Embeddings

« Learning Semantic Hierarchies via Word
Embeddings

v(king) — v(queen) =~ v(man) — v(woman)

WOMAN QUEENS
AUNT

MAN / KINGS
UNCLE

QUEEN \ QUEEN

KING KING

Mikolov et al. (2013a)



Motivation

Does the embedding offset work well in
hypernym-hyponym relations ?

No.

Examples

1

v(#F) — v(XHF) ~ v(H) — v(5H)

v(shrimp) — v(prawn) = wv(fish) —

v(gold fish)
v(

v(LN) —v(KIE) ~v({#HA) —o(/NH)

v(laborer) — wv(carpenter) & v(actor) — v(clown)

v(LN) —v(KIE) % v(fi) — v(& )

v(laborer) — v(carpenter) % v(fish) — v(gold fish)




Motivation

Clusters of the vector offsets in training data

N
chicken - cock

4. gfap
donkey - wlld ass

§F- %4 4F

- 5 ¥
crab - sea crab

sheep - :nag‘__ta??n sheep

3-%R
dog - police dog

Q-KER
rabbit - wool rabbit

O-RE 0
equus - zebra
sheep - ram

i % 1 8 X
dolphin - white-flag dolphin

shrimp - prawn

fa-
fish E"%—”ﬁ b goid fish

fish - t-répical fish

iz &) 5 - L FRER R

sportsman - footballer

TA-KIE
laborer - Jt:?\rpenter TA-RT

er - gardener
laborer - temporary worker

i 0 - S 0

seaman - navigator

e

- ""?ﬁﬁ"iﬁ" ey

actor - clown 'ﬁ ﬁf r?ﬁ’gonlst

actor - matador

smff conﬁct

li‘ - 1% B

salesclerk

R £ s!aa jmlne hostess
staff - civil servant

HRA-E
pﬁﬂﬁg&-&admasﬁer

position - consul general




Projection Learning

A uniform Linear Projection

— Given a word x and its hypernym y; there
exists a matrix @ so that y = @x.

1 ¢
(I)>'< = arg min ~ Z ” b — Y ||‘2
P :\

(z,y)



Projection Learning

« Piecewise Linear Projections
— clustering y - X

-

— learning a separate projection for each cluster

.1 9

¢; = arg min — g | rx —y ||°
Dy :\L ,
(z,y)€CK



Projection Learning

 Training data

) object ------------

Sense Code: B

- 4 animal &)

B ZjJ% Sense Code: Bi
(insect : animal) ) /
. insect -----e--e-rp-

%ﬂ = ﬁ]% Sense Code: Bil8

(dragonfly : animal)

%% . E.EE Sense Code: Bil8A
(dragonfly : insect) 5%t dragonfly --- :
Sense Code: Bi18A06@ \o6@,’

............... Level 1

------ Level 2

.............. Level 3

------------------ Level 4

el =AY/ I

hypernym-

hyponym pairs CilinE



Is-a Relation Identification

« Given two words x and y

— If y is determined as a hypernym of x, either of
the two conditions must be satisfied.

Condition 1:
6 y
/. \ d(Opz,y) =|| Prz —y ||*< d

H H
Condition 2: r—z and z—1Y



Experimental Data

« Word embedding training

— Corpus from Baidubaike
« ~30 million sentences (~780 million words)

* Projection learning
— CilinE
« 15,247 is-a pairs



Experimental Data

 For evaluation

N
ar
= # of word pairs
24 i 1
mégicine Relation Dev. Test
28 Ranil%c%@teae hypernym-hyponym 312 1,079
aconite W2 hyponym-hypernym* | 312 1,079
medicinal plant unrelated 1,044 | 3,250
Acontum Total 1,668 | 5.408
£
organism

Fu et al. (2013)



Results and Analysis

P(%) | R(%) | F(%)
McitinE 08.21 | 50.88 | 67.03
Mw iki+CitinE 0241 | 60.61 | 73.20
MPpattern 97.47 | 21.41 | 35.11
M s ow 60.88 | 25.67 | 36.11
Ml)(’llA})'i'll(i' 54.96 | 53.38 | 54.16
M;noCL 49.63 | 62.84 | 55.46
Mr. 71.64 | 52.92 | 60.87
Mot rset 59.26 | 63.19 | 61.16
MEmb 80.54 | 67.99 | 73.74
MEmb+CilinE 80.59 | 72.42 | 76.29
MEmb+U'1'1."1'+C'<ilinE 79.78 80.81 80.29

« Comparison with existing methods

Suchanek et al. (2008)
Hearst (1992)

Snow et al. (2005)
Kotlerman et al. (2010)
Lenci and Benotto (2012)
Fu et al. (2013)



Results and Analysis

22 Zx)
organism organism
V\ \
oA A
25 plan 255 plan
medil::?ne 47 _______________ medi‘::Lilne \
T 1 EEH - EEH
T : Ranunculaceae : PR . Ranunculaceae
: A2 : : {ﬁ_’f%éﬁ E 4
-medicinal plant: | g g g medicinal plant [OEN]
©  Aconitum Aconitum
BT tur O
E 53,
aconite aconite
(a) GilinE (b) Wikipedia+CilinE
22 )
organism organism
\ \
B o K7
) plant 25 4 plant
medicine medicine
: % f7] l EX T
Ranunculaceae Ranunculaceae
7 e Tt ;
medicinal plant § %%E _ medicinal plan —‘%%E
© Aconitum : Aconitum
I  Achoitm —
aconite aconite

(c) Embedding (d) Embedding+Wikipedia+CilinE



Demo

« http://www.bigcilin.com
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Motivation

 Are the continuous embedding
features fit for the generalized linear
models (e.g., CRF) which are most
widely adopted in NLP?

« How can the generalized linear models
better utilize the embedding features?



Main related studies

« Turian et al. 2010

— The embedding features brought significant
less improvement than Brown clusters

« Wang et al. 2012

— Non-linear models benefit more with low-
dimensional continuous feature.

— Linear models are more effective in high-
dimensional discrete space.

* Yu et al. 2013

— Introduce the compound cluster feature.



Word Embeddings Applied to
Generalized Linear Models

Sparse, High-dimensional Dense, Continuous Word
lexicalized features Embedding features
CO00e .- OO0 00000

p(y|x)=g(W,0, + b},o, + b)



Our work

We investigate and carefully compare
three approaches for utilizing
embedding features, empirically (rather
than theoretically)

1. Binarization of embeddings
2. Clustering of embeddings
3. Distributional prototype features



Asejnqedop

1. Binarization of Embeddings

Dimension of word embeddings (e.g. 200)

>

we

are

words

1

1

[ ] L] I
Conversion function: - I -

l

1

1

Uy, if Cij > mean(Ciy) Bl—— 0 i—>”J+
M;; = ¢(Cij) = { B, if Cij < mean(C;_) Mean(=)  Mean(+)
0, otherwise



2. Clustering of Embeddings

« Means clustering based
on word embeddings Mark

_ Paul
— Cluster ids of words are GIELE iehakly oz

applied as features

. Different number of il
clusters indicates AjaxReuters S
. .« o ritis
different granularities UL S

— Combine cluster features
of different s



3. Distributional Prototype Features

Motivation:
— prototype-driven learning (Haghighi and Klein, 2006 NAACL)
— take NER as a case study. Suppose we have some prototypical

examples for each target label (prototypes)
Prototm

England
= Britain |-+
...... In
I
?; PSV
- Reuters | "™
...... by| FIFA |




3. Distributional Prototype Features

Prototypes Extraction

— Normalized pointwise mutual information
(NPMI)

NE Type | Prototypes

B-PER Mark, Michael, David, Paul
[-PER Akram, Ahmed, Khan, Younis
B-ORG Reuters, U.N., Ajax, PSV

[-ORG Newsroom, Inc, Corp, Party
B-LOC U.S., Germany, Britain, Australia
[-LOC States, Republic, Africa, Lanka
B-MISC | Russian, German, French, British
[-MISC Cup, Open, League, OPEN

O ., 5, the, to




3. Distributional Prototype Features

An example LOC Prototypes |
— NER as sequence labeling .. England

Britain

an |
She lives |in Hague \/ 0.85
bRp 0.76

VBZ IN NNP

Hague
f(y,_,y,) =0 A B-LOC
Flx,.7,) = 0.14 -
[ word = Hague )
pos = NNP / /
! proto = Britain s B.Loc | /77 David

proto = England Michael




Results

Setting F1

Baseline 83.43
+DenseEmb 86.21
+Brown 87.49
+BinarizedEmb 86.75
+ClusterEmb 86.90
+DistPrototype 87.44
+ClusterEmb+DistPrototype 88.11
+Brown+ClusterEmb+DistPrototype 88.58
Finkel et al. (2005) 86.86
Krishnan and Manning (2006) 87.24
Ando and Zhang (2005) 89.31
Collobert et al. (2011) 88.67
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Cross-lingual Transfer DP

« No TreeBanks for low-resource (target) languages

 Transfer the parser of a rich-resource (source)
language (e.g. English) to a low-resource language

SBV VOB VOB
Source: 1 like playing basketball
SBV VOB VOB

Target: 1t =K 1 JIFEEK



Previous Work

« Delexicalized Parser (McDonald et al. 2011)

— Only use non-lexical features

SBV VOB VOB

Source: PRP VB VBG NN

SBV VOB VOB

larget: PRP VB VB NN



Previous Work

« Cross-lingual Word Clustering (Tackstrom et al. 2012)

— Coarse-grained word representation, which partially fills the
lexical feature gap

SBV VOB VOB

Source: #102 #231 #423 #257

SBV VOB VOB

larget: #102  #231 #423 #257



Our Motivation

 Bridging the lexical feature gap with
distributed features representations
(Embeddings)
— Cross-lingual words
— POS, Label histories
— Word clusters



Transition-based Dependency Parsing

« Greedily predict a transition sequence from
an initial parser state to some terminal states

« State (configuration)
= Stack + Buffer + Dependency Arcs

Stack Buffer classifier LEFT-ARC(/)
ROOT has_VBZ good_JJ Control_NN ._. |:> RIGHT-ARC(/)
7 suby SHIFT

He_PRP

ArcStandard algorithm

Configuration



Traditional Features

Stack Buffer
Configuration ROOT has_VBZ good_JJ Control_NN

A%Subj

He_PRP

Feature Vector: J:L

* Binary
o To T o T o Il o [0

* High-dimensional

Feature templates: a combination of 1 ~ 3 elements from the configuration.
* For example: (Zhang and Nivre, 2011)



Problems of Traditional Features

« Sparse
— Lexicalized features
— High-order interaction features
« Incomplete
— Unavoidable in hand-crafted feature templates

« Computationally expensive

— More than 95% of parsing time is consumed by
feature computation



Neural Network Classifier

 Learn a dense and compact feature
representation (Chen and Manning, 2014)

Stack Buffer
Configuration ROOT has_VBZ good_JJ Control_NN ._.

%subj

He PRP
Feature Vector: @
e Continuous
e Dense 01/09|-03|12]02]| .. |-01]-06

e Low-dimensional



Model Architecture

Transition actions

2

[ Hidden units ] Cube Activation Function

L

Embeddings

T N~

Distance,

Words POS tags Arc labels | | vaieney, cluster

Stack Buffer

g(x)=x’

ROOT has_VBZ good JJ Control_ NN . . Configuration

/wubj

He PRP




Indicator vs. Dense Features

* Problem #1: sparse
— Distributed representations can capture
similarities
* Problem #2: incomplete

— Cube non-linearity can learn combinations
automatically

« Problem #3: computationally expensive

— String concatenation + look-up in a big table =
matrix operations



Cross-lingual Representation Transfer

* Non-lexical Features
— POS, Label, Distance, ...
— One to one mapping: directly transfer

» | exical Features
— Word

_ Many to many mapping: ? "€

YN

IR

love

. VB
enjoy



Robust Alignment-based Projection

« wy aligns with w’in ¢; times

w,>
‘ v(w") = E—v(w)
WZS c, W |C |
C3
2y y(w?") = Avg(v(w")
Source Target wee

anguage anguage = {w | EditDist(w?" ,w) =1}



Canonical Correlation Analysis

« Canonical Correlation Analysis

(CCA) dq d;
— Measuring the linear relationship AN . Q
between multidimensional variables ™| y 20
V,W =CCA(Z, Q) N a
, d d
SP=3V, QF=QW !
vody| v W |d,
- Advantages /cm\
— High word coverage
— Encode the information of target | X SRt

language d

- - - -



Experiments

« Universal Dependency Treebanks v1
(Google)
— Languages
 Source: English (EN)
 Target: German (DE), Spanish (ES), Franch (FR)

— Universal Dependencies (42 relations)
— Universal POS (12 tags)



Main Results

Unlabeled Attachment Score (UAS) Labeled Attachment Score (LAS)

EN DE ES FR AVG EN DE ES FR AVG
Delexicalized 83.67  57.01 68.05  68.85  64.64 7942  47.12 5699  57.78  53.96
PROJ 9196  60.07 7142 7136  67.62 90.48 4994  61.76  61.55  57.75
PROJ+Cluster 9233 6035 7190 7293  68.39 9091  51.54 6228 63.12 5898
CCA 90.62"  59.42  68.87 69.58  65.96 | 88.88" 4932 5965 59.50  56.16
CCA+Cluster 92.03"  60.66 7133  70.87  67.62 | 90.49" 5129  61.69 61.50 5816
McD13 83.33 5850  68.07  70.14  65.57 78.54  48.11 56.86 5820  54.39
McD13* 8444 5730  68.15 6991  65.12 80.30 4734  57.12 5880  54.42
McD13*+Cluster | 90.21 60.55 7043 7201  67.66 88.28  50.20 6096 6196  57.71




Effect of Robust Projection

« Edit Distance for OOV words

Simple  Robust A

coverage | 91.37 9470 | +3.33

DE UAS 59.74 60.35 | +0.61
LAS 50.84 51.54 | +0.70
coverage | 94.51 96.67 | +2.16

ES UAS 70.97 71.90 | +0.93
LAS 61.34 62.28 | +0.94
coverage | 90.83 97.60 | +6.77

FR UAS 71.17 7293 | +1.76
LAS 61.72 63.12 | +1.40




Effect of Fine-tuning Word Embedding

* Projection method over CCA lies in the fine-tuning
of word embeddings while training the parser

Fix Fine-tune A

DE UAS | 59.74 60.07 +0.33
LAS | 49.44 49.94 +0.50

ES UAS | 70.10 71.42 +1.32
LAS | 61.31 61.76 +0.45

FR UAS | 70.65 71.36 +0.71
LAS | 60.69 61.50 +0.81




Target Minimal Supervision

« Cross-lingual approaches can only learn the
common dependency structures shared
between the source and target languages

« For many languages, there are some special
syntactic characteristics that are can only be
learned from data in the target language



ES:

EN:

DE:

EN:

Target Minimal Supervision

For example

e T

COI]SGJO Supenol conflictos soc1ales

\
\/
, A

Supe110r Councﬂ soc1al conﬂlcts
-I'OOt
(dobj)

endlich den richtioen Qefunden

1 -
AN Sao
1 ~ P
| ) -
N7
PR\

F 1nally found ~  the noht_man

dobJ

Relation: amod; Language: EN vs. ES, FR

EN
ES
FR

amod~ amod. ratio
1,667 57,864 1:34.7
14,876 5,205 29:1
12,919 4910 26:1

Relation: dobj; Language: EN vs. DE

EN
DE

dobj dobj~ ratio

50.3:1
1.2:1

38,395 764
4,277 3,457




Results of Minimal Supervision

Solution: Use small labeled dependency trees (100 — 1000)
from the target language to fine-tune the parsing model

8 8 G
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UAS

50 55 60 65 70 75 80

45

Results Zoom-in

Labeled training data (DE)
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a — g= A=—o0-—0
— a7 .
Lo} A o .
Qé 6o—0—o
0/0-—'0 "X;@"@>
1s / N
o /
A
—— PROJ+Cluster
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A --& - Delexicalized
</ - Supervised
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Effect of Minimal Supervision (100 sent)

e Case studies

— dobj (EN vs. DE)

—amod (EN vs. ES, FR)

Relation: dobj; Language: DE

Relation: amod; Language: ES, FR

P R
PROJ+Cluster | 41.45 31.09
+100 | 41.90 51.40
A | 1045 12031
CCA+Cluster | 39.47 31.74
+100 | 43.59 57.57
A | 1412 12583

ES FR
P R P R

PROJ+Cluster | 94.97 80.05 92.94 81.70
+100 | 91.60 92.52 93.61 95.75

A | 1337 11247 || 10.67 1 14.05
CCA+Cluster | 93.37 77.31 92.08 72.22
+100 | 91.85 92.77 92.77 96.41

Al }J1.52 11546 || 10.69 124.19




Deep Learninggésiz=3gINLP

i

— BERIR
« Word Embedding

- BEANRSIETE

« Non-linear Hidden Layers

- ZERNETRIEIR ST

« End-to-end Learning

— RbEE

SES

RN

« Matrix Operations

mAYIRER



Thanks Q&A

http.//ir.hit.edu.cn




