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UD for NLP

Parsing

Monolingual, cross-lingual and universal parsing
Multilingual parser evaluation

Should we use UD for parsing at all?

Beyond parsing
UD as a basis for semantic interpretation

Other applications of UD



Parsing



Monolingual Parsing



Monolingual Parsing

Haverinen et al. (2015) Finnish
POS PM FM LAS UAS

~Baseline (Haverinen et al., 2013b) 943 905 890 814 852
Stanford Dependencies (SD) 96.3 934 903 80.1 84.
Universal Dependencies (UD) 96.0 93.1 905 810 850

Pure Universal Dependencies (Pure UD) 96.0 93.1 905 815 847

——



Monolingual Parsing

Haverinen et al. (2015) Finnish
POS PM FM LAS UAS

Baseline (Haverinen et al., 2013b) 943 905 890 814 852
Stanford Dependencies (SD) 96.3 934 903 80.1 84.1
Universal Dependencies (UD) 96.0 93.1 905 810 850

~Pure Universal Dependencies (Pure UD) 96.0 93.1 90.5 8I1.5 84.7

e ———

Silveira and Manning (2015) English

‘ full partial simple
auxhead | 84.37% | 84.84% | 84.43%
casehead | 84.13%* | 84.91% | 84.86%
cophead || 84.28%* | 84.53% | 84.03%*
markhead | 84.27%* | 84.89% | 85.00%
baseline | 84.69%

S — 5



Monolingual Parsing

Haverinen et al. (2015) Finnish
POS PM FM LAS UAS

Baseline (Haverinen et al., 2013b) 943 905 890 814 852
Stanford Dependencies (SD) 96.3 934 903 80.1 84.1
Universal Dependencies (UD) 96.0 93.1 905 810 850

Pure Universal Dependencies (Pure UD) 96.0 93.1 905 815 84.7

e — R

Silveira and Manning (2015) English

| full | partial | simple
“auxhead || 84.37% | 84.84% | 84.43%
casehead || 84.13%* | 84.91% | 84.86%
cophead | 84.28%* | 84.53% | 84.03%*
markhead || 84.27%* | 84.89% | 85.00%
baseline 84.69%

S — ——

Johannsen et al. (2015) Danish

Mate MST
LAS UAS LA | LAS UAS LA
CDT DEV 85.20 8938 90.83 | 8459 8946 90.61
CDT TEST 8438 88.70 90.17 | 84.11 8944 90.69

UD-DANISH DEV 81.87 84.51 9210 | 6587 81.57 75.71
UD-DANISH TEST 81.56 8464 9200 | 63.87 8091 7454

0 — E—



Monolingual Parsing

Haverinen et al. (2015) Finnish Attardi et al. (2015) kealian

POS PM FM LAS UAS
Baseline (Haverinen et al., 2013b) 943 905 89.0 814 852 ;’ ;’S‘" ;SAS? ;"‘552 Diff
Stanford Dependencies (SD) 963 934 903 80.1 84.1 De 9 8 040
. . Turbo Parser 87.93 90.64 0.86
Universal Dependencies (UD) 96.0 93.1 905 810 850 Mat 28 55 90 .66 0.54
Pure Universal Dependencies (Pure UD) 96.0 93.1 905 815 84.7 axe : . -
— —

0 — B —

Silveira and Manning (2015) English

- full | partial | simple
auxhead 84.37% | 84.84% | 84.43%
casehead | 84.13%* | 8491% | 84.86%
cophead 84.28%* | 84.53% | 84.03%*
markhead | 84.27%* | 84.89% | 85.00%
baseline 84.69%
| — ——
Johannsen et al. (2015) Danish
Mate MST
LAS UAS LA| LAS UAS LA
CDT DEV 85.20 8938 90.83 | 8459 8946 90.61
CDT TEST 8438 88.70 90.17 | 84.11 8944 90.69
UD-DANISH DEV 81.87 8451 9210 | 6587 81.57 75.71
UD-DANISH TEST 81.56 84.64 92.00 | 63.87 8091 74.54
30— EE—



Monolingual Parsing

Haverinen et al. (2015) Finnish Attardi et al. (2015) kealian

POS PM FM LAS UAS
Baseline (Haverinen et al., 2013b) 943 905 89.0 814 852 Parser LAS | UAS | Diff
Stanford Dependencies (SD) 963 934 903 80. 84. 'T)"Sblf 5 g,slgz ggf,j g‘;‘;
Universal Dependencies (UD) 96.0 93.1 905 810 850 Mu rt ) Tarser 88.5~5 90-66 0'5 4
Pure Universal Dependencies (Pure UD) 96.0 93.1 905 815 84.7 4 - - .
| — ———
30— B
Silveira and Manning (2015) English Qvrelid et al. (2016) Norwegian
| full | partial | simple LAS UAS
C“s:i‘;d gj;;;:* g:z;zz 8?536;* Dev Gold 90.15% 88.50% 9251% 91.13%
cophe : : : Dev Auto 86.73% 8391% 89.99% 87.16%
markhead | 84.27%* | 84.89% | 85.00% Test Gold 90.55% 88.54% 92.76% 91.21%
baseline 84.69% Test Auto 86.76% 83.86% 90.13% 87.16%
Johannsen et al. (2015) Danish
Mate MST
LAS UAS LA | LAS UAS LA
CDT DEV 8520 8938 9083 | 8459 8946 90.61
CDT TEST 8438 88.70 90.17 | 84.11 8944 90.69
UD-DANISH DEV 81.87 8451 92,10 | 6587 81.57 75.71
UD-DANISH TEST 81.56 8464 9200 | 6387 8091 7454
0 —— B



Monolingual Parsing

Haverinen et al. (2015) Finnish Attardi et al. (2015) kealian

POS PM FM LAS UAS
Baseline (Haverinen et al., 2013b) 943 905 890 814 852 Parser LAS | UAS | Diff
Stanford Dependencies (SD) 96.3 934 903 80.1 84.1 DeSR 85.97 88.52 040
. . Turbo Parser 87.93 90.64 0.86
Universal Dependencies (UD) 96.0 93.1 905 810 850 Mat 28 55 90.66 054
Pure Universal Dependencies (Pure UD) 960 93.1 905 81.5 84.7 2= : : :
S — ———
1100 — B
Silveira and Manning (2015) English Qvrelid et al. (2016) Norwegian
| full | partial | simple LAS UAS
— ‘Zid | g:’;:, g:?;: 8?:36:’* Dev Gold 90.15% 88.50% 9251% 91.13%
cophe | OF- : : Dev Auto 86.73% 8391% 89.99% 87.16%
markhead || 84.27%* | 84.89% | 85.00% Test Gold 90.55% 88.54% 92.76% 91.21%
baseline 84.69% Test Auto 86.76% 83.86% 90.13% 87.16%
S — T—— — —
Johannsen et al. (2015) Danish Schuster and Manning (2016) English
Mate MST Genre . LAS | UAS | Accuracy
LAS UAS LA | LAS UAS LA Question-answers | 92.0 95.4 93.7
CDT DEV 8520 8938 90.83 | 8459 8946 90.61 E‘:\:‘s'gmps 3;"; gg'g 3‘2{(7)
CDT TEST 8438 88.70 90.17 | 84.11 8944 90.69 Business reviews 92:5 95:9 93'9
UD-DANISHDEV ~ 81.87 8451 92,10 | 6587 8157 75.71 Weblogs 94.5 97.1 95.7
UD-DANISH TEST 81.56 84.64 9200 | 63.87 8091 74.54 Entire corpus | 926 | 96.1 I 03.9
0 — R

B — T



Monolingual Parsing

Straka et al. (2015) All

Haverinen et al. (2015) Finnish
POS PM

FM LAS

Baseline (Haverinen et al., 2013b)

943 905

89.0 814

Stanford Dependencies (SD)
Universal Dependencies (UD)
Pure Universal Dependencies (Pure UD)  96.0

96.3 934
96.0 93.1
93.1

90.3 80.1
90.5 81.0
90.5 815

'

‘

Silveira and Manning (2015) English

full

partial

simple

auxhead

84.37%

84.84%

84.43%

casehead

84.13%*

84.91%

84.86%

cophead

84.28%*

84.53%

84.03%*

markhead

84.27%*

84.89%

85.00%

baseline

84.69%

B —

Johannsen et al. (2015) Danish

:‘

h-rr

SCarct Nened aomTs I

LAS

Mate
UAS

LA |

LAS

MST
UAS

CDT DEV
CDT TEST

85.20
84.38

89.38
88.70

90.83
90.17

84.59
84.11

89.46
89.44

90.61
90.69

UD-DANISH DEV
UD-DANISH TEST

81.87
81.56

84.51
84.64

92.10
92.00

65.87
63.87

81.57
80.91

75.71
74.54

'
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Off-the-shelf Models

UDPipe

SyntaxNet

Institute of Formal and
Applied Linguistics

ABOUT EVENTS RESEARCH ~ PEOPLE

UDPIPE ONLINE INSTALL USER'S MANUAL
1. Introduction
2‘ Online

O » Demo

3. Helease
3.1. Download

e 3.1.1. Language Models

3.2, License

o 3.3. Platforms and Requ

TEACHING WiKI

API REFERENCE

Author: Milan Straka
Jana Strakov

Status: released

0s:

Linux, Windows, OS X

License: MPL 2.0

Tags:

Morphol

gy, Parsers,

laggers,

o

Google Research Blog

The katest news from Reseacch st Google

Meet Parsey’s Cousins: Syntax for 40 languages, plus
new SyntaxNet capabilities

Just in time for . We are pleased to announce that Parsey McParseface,

and the basss 1o the

now has 40 cousins! Parsey’s Cousins is a collection of pretrained symtactic modeds for

40 languages, capable of analyzing the native language of more than half of the world’s
population a often unprecedented To better address the linguistic
phenomena occurring in these languages we have endowed SyntaxNet with new

abilitkes for t and !

‘ Labels

Archive

Feed

Google on

®




Cross-Lingual Parsing

Cross-lingual learning:

Using data from language X to create a model for language Y

Usually motivated by a low-resource scenario

Three main approaches:

Annotation projection (Hwa et al., 2002)
Model transfer (Zeman and Resnik, 2008)

Treebank translation (Tiedemann et al., 2014)



UD for Evaluation

McDonald et al. (201 1)

Source Training Language
da de el en es it nl pt SV

o da 79.2 45.2 44.0 45.9 45.0 48.6 46.1 48.1 47.8
o de 34.3 83.9 53.2 47.2 45.8 53.4 55.8 55.5 46.2
5o el 33.3 52.5 71.5 63.9 41.6 59.3 57.3 58.6 47.5
3 en 34.4 37.9 45.7 82.5 28.5 38.6 43.7 42.3 43.7
% es 38.1 49.4 57.3 53.3 79.7 68.4 51.2 66.7 41.4
= it 44.8 56.7 66.8 57.7 64.7 79.3 57.6 69.1 50.9
2 nl 38.7 43.7 62.1 60.8 40.9 50.4 73.6 58.5 44.2
S pt | 425 520 666 692 685 747  671.1 846  52.1

sv ‘ 570 578 583 463 534 545 668  84.8




UD for Evaluation

McDonald et al. (201 1)

Source Training Language
da de el en es it nl pt SV

o da 79.2 45.2 44.0 45.9 45.0 48.6 46.1 48.1 47.8

o de 34.3 83.9 53.2 47.2 45.8 534 55.8 55.5 46.2

;_jo el 33.3 52.5 77.5 63.9 41.6 59.3 57.3 58.6 47.5

S en 344 37.9 45.7 82.5 28.5 38.6 43.7 42.3 43.7

- es 38.1 49.4 57.3 53.3 79.7 68.4 51.2 66.7 41.4

= it 48 567 668 577 647 7193 516  69.1 509

g nl 38.7 43.7 62.1 60.8 40.9 50.4 73.6 58.5 44.2

S pt 425 520 666 692 685 747  67.1 84.6 521

sV 570 578 583 463 534 545 668  84.8

McDonald et al. (2013)
Target Test Language
TSr 2?;;2 Unlabeled Attachment Score (UAS) Labeled Attachment Score (LAS)
Language Germanic Romance Germanic Romance
DE EN SV ES FR KO DE EN SV ES FR KO

DE 74.86  55.05 65.89 | 60.65 62.18 | 40.59 || 64.84 47.09 53.57 | 48.14 49.59 | 27.73
EN 58.50 8333 7056 | 68.07 70.14 | 42.37 || 48.11 78.54 57.04 | 56.86 58.20 | 26.65
SV 61.25 61.20 £280.01 | 67.50 67.69 | 36.95 || 52.19 49.71 70.90 | 54.72 5496 | 19.64
ES 55.39 5856 66.84 | 78.46 7512 | 30.25 || 45.52 47.87 53.09 | 70.29 63.65 | 16.54
FR 55.05 59.02 6505 | 7230 81.44 | 3579 || 4596 4741 5225 | 62.56 73.37 | 20.84
KO 33.04 3220 2762 | 2691 2935 | 71.22 || 26.36 21.81 18.12 | 18.63 19.52 | 55.85




Cross-Lingual Dependency Parsing with Universal Dependencies and
Predicted PoS Labels

Jorg Tiedemann
Uppsala University
Department of Linguistics and Philology
firstname.lastname@lingfil.uu.se

* Three methods for cross-lingual dependency parsing
+ The impact of not having gold part-of-speech tags

« Reveals weaknesses of delexicalized model transfer

Proceedings of the Third International Conference on Dependency Linguistics (Depling 2015), pages 340-349,
Uppsala, Sweden, August 24-26 2015.




Cross-Lingual Dependency Parsing with Universal Dependencies and
Predicted PoS Labels

Jorg Tiedemann
Uppsala University
Department of Linguistics and Philology
firstname.lastname@lingfil.uu.se

* Three methods for cross-lingual dependency parsing
+ The impact of not having gold part-of-speech tags

« Reveals weaknesses of delexicalized model transfer

Thanks to Jorg for sharing slides!




Delexicalized Model Transfer

label 2

posl| pos2  pos3  pos4
srcl src2 src3 src4



Delexicalized Model Transfer

label 2

label | m
delexicalize /7~ 2\ " N\

=) posl pos2 pos3 pos4



Delexicalized Model Transfer

label |

delexicalize /\

= posl

pos2

label 2

pos3

label 3
/\ train

-

.

delexicalized
Parser

\

)




Delexicalized Model Transfer

label |

delexicalize /\

= posl

pos2

pos2

posl|

label 2

pos3

pos3

label 3
/\ train

pos4

-

.

delexicalized
Parser

\

)




Delexicalized Model Transfer

label 2

label | m
o . - N
delexicalize /\ /\ train delexicalized

ﬁ
=) posl pos2 pos3 pos4 Parser

- J

parse

pos2  posl pos3 pos4

label 2



Delexicalized Model Transfer

label 2

label | m
o . - N
delexicalize /\ /\ train delexicalized

ﬁ
=) posl pos2 pos3 pos4 Parser

- J

parse

pos2  posl pos3 pos4
trgl trg2 trg3 trg4

label 2



Delexicalized Model Transfer

label 2

label | /bel\
o . - N
delexicalize /\ /\ train delexicalized

ﬁ
=) posl pos2 pos3 pos4 Parser

- J

e B
lexicalized

re-train
Parser parse
i ) V\

pos2  posl pos3 pos4
trgl trg2 trg3 trg4

label 2




Delexicalized Model Transfer

label 2

label | m
o . - N
delexicalize /\ /\ train delexicalized

ﬁ
=) posl pos2 pos3 pos4 Parser

- J

e B
lexicalized

re-train
Parser parse
i ) V\

pos2  posl pos3 pos4
trgl trg2 trg3 trg4

N_N \/ Extensions:

label | label 3

* multi-source transfer

* cross-lingual word clusters
* word embeddings

* target language adaptation

label 2



Annotation Projection

label |

posl|
src

word-aligned bitext

ael2  (|) parse

S
pos2  pos3  pos4
src2 src3 src4

-

\_

lexicalized
Parser

~

J




Annotation Projection

label |

N\

posl|
src

word-aligned bitext ><

trgl

label 2

pos2  pos3
src2 src3
trg2 trg3

(1) parse

atd

pos4
src4

trg4

-

\_

lexicalized
Parser

~

J




Annotation Projection

ael2  (|) parse

pos| pos2  pos3  pos4
srcl src2 src3 src4

word-aligned bitext ><

trgl trg2 trg3 trg4
pos2 pos| pos3 pos4

label 2

-

lexicalized
Parser

~

J

l (2) project



Annotation Projection

-

"

lexicalized
Parser

~

J

pos| pos2

trgl  trg2
pos2 pos|

4train N

label 2

pos3
srcl src2 src3

word-aligned bitext ><

trg3
pos3

N N

label 2

label 3

4 N\
| lexicalized
(1) parse | ‘barser
J
pos4
src4
l (2) project
trg4
pos4



Treebank Translation

label 2

pos| pos2  pos3  pos4
srcl src2 src3 src4



Treebank Translation

label 2

pos| pos2  pos3  pos4
srcl src2 src3 src4

translate l ><

trgl trg2 trg3 trg4




Treebank Translation

label 2

pos| pos2  pos3  pos4
srcl src2 src3 src4

translate l >< l project
trgl trg2 trg3 trg4

pos2 pos| pos3 pos4

label 2




Treebank Translation

translate l

-

"

lexicalized
Parser

~

J

A4ain

label 2
label | m
pos| pos2  pos3  pos4
srcl src2 src3 src4
trgl trg2 trg3 trg4
pos2 pos| pos3 pos4
label | |abe¥/
label 2

l project



Example: Target Language = Spanish

delexicalized

PoS gold predicted
cs 43,82 33,95
de 53,63 46,35
en 60,94 52,52
es

fi 30,14 26,03
fr 66,42 58,74
hu 31,17 28,67
it 64,96 57,98
SV 51,93 37,15




Example: Target Language = Spanish

delexicalized

annotation projection

PoS gold predicted gold
CS 43,82 33,55 49,17
de 53,63 46,35 63,49
en 60,94 52,52 65,07
es

fi 30,14 26,03 42,37
fr 66,42 58,74 69,33
hu 31,17 28,67 48,97
it 64,96 57,98 65,76
SV 51,93 37,15 59,06




Example: Target Language = Spanish

delexicalized annotation projection

PoS gold predicted gold predicted
cs 43,82 33,95 49,17 46,83
de 53,63 46,35 63,49 61,31
en 60,94 52,52 65,07 62,62
es

fi 30,14 26,03 42,37 40,96
fr 66,42 58,74 69,33 66,18
hu 31,17 28,67 48,97 47,36

it 64,96 57,98 65,76 63,31
SV 51,93 37,15 59,06 57,43




Example: Target Language = Spanish

delexicalized

annotation projection

PoS gold predicted gold predicted | projected
cs 43,82 33,95 49,17 46,83 36,85
de 53,63 46,35 63,49 61,31 93,15
en 60,94 52,52 65,07 62,62 56,69
es
fi 30,14 26,03 42,37 40,96 23,5
fr 66,42 58,74 69,33 66,18 61,81
hu 31,17 28,67 48,97 47,36 26,82

it 64,96 57,98 65,76 63,31 55,98
SV 51,93 37,15 59,06 57,43 52,06




Example: Target Language = Spanish

annotation projection

PoS | gold | predicted | projected
cs 49,17 46,83 36,85
de 63,49 61,31 53,15
en 65,07 62,62 56,69
es
fi 42,37 40,96 23,5
fr 69,33 66,18 61,81
hu 48,97 47,36 26,82

it 65,76 63,31 55,98
SV 59,06 57,43 52,06




Example: Target Language = Spanish

annotation projection

treebank translation

PoS | gold | predicted | projected gold
cs 49,17 46,83 36,85 49,81
de 63,49 61,31 53,15 64,88
en 65,07 62,62 56,69 67,2
es
fi 42,37 40,96 23,5 36,11
fr 69,33 66,18 61,81 71,15
hu 48,97 47,36 26,82 43,16
it 65,76 63,31 55,98 68,74
SV 59,06 57,43 52,06 59,8




Example: Target Language = Spanish

annotation projection treebank translation
PoS | gold | predicted | projected gold predicted

cs 49,17 46,83 36,85 49,81 48,07
de 63,49 61,31 53,15 64,88 62,34
en 65,07 62,62 56,69 67,2 64,48
es

fi 42,37 40,96 23,5 36,11 34,45
fr 69,33 66,18 61,81 71,15 67,7
hu 48,97 47,36 26,82 43,16 41,07
it 65,76 63,31 55,98 68,74 66,1

SV 59,06 57,43 52,06 59,8 57,41




Example: Target Language = Spanish

annotation projection

treebank translation

PoS | gold | predicted | projected gold predicted | projected
cs 49,17 46,83 36,85 49,81 48,07 40,02
de 63,49 61,31 53,15 64,88 62,34 53,3
en 65,07 62,62 56,69 67,2 64,48 56,18
es
fi 42,37 40,96 23,5 36,11 34,45 26,86
fr 69,33 66,18 61,81 71,15 67,7 63,77
hu 48,97 47,36 26,82 43,16 41,07 25,81

it 65,76 63,31 55,98 68,74 66,1 61,82
SV 59,06 57,43 52,06 59,8 57,41 51,26




Discussion

Be careful with delexicalized models

* models are not easy to transfer
* robust universal features are difficult to find

Cross-lingual methods work quite well

* if PoS labels are reliable
* languages are rather closely related

Automatic treebank translation is a valid option

* but requires reasonable translation performance



PoS accuracy

The Impact of PoS Tagging Performance
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Translation Quality vs. Parsing Quality
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Many Languages, One Parser

Waleed Ammar® George Mulcaire¥ Miguel Ballesteros®*® Chris Dyer® Noah A. Smith"
¥School of Computer Science, Carnegie Mellon University, Pittsburgh, PA, USA
Q7Computer Science & Engineering, University of Washington, Seattle, WA, USA

#NLP Group, Pompeu Fabra University, Barcelona, Spain
wammar@cs.cmu.edu, gmulc@uw.edu, miguel.ballesteros@upf.edu
cdyer@cs.cmu.edu, nasmith@cs.washington.edu

- Parsing with multiple source and target languages
» Multilingual word embeddings and typological features

» Target language may not be included in source set

Transactions of the Association for Computational Linguistics, vol. 4, pp. 431444, 2016. Action Editor: David Chiang.
Submission batch: 3/2016; Revision batch: 5/2016; Published 7/2016.
(©2016 Association for Computational Linguistics. Distributed under a CC-BY 4.0 license.



Many Languages, One Parser

Waleed Ammar® George Mulcaire” Miguel Ballesteros®® Chris Dyer® Noah A. Smith"
¢School of Computer Science, Carnegie Mellon University, Pittsburgh, PA, USA
YComputer Science & Engineering, University of Washington, Seattle, WA, USA

#NLP Group, Pompeu Fabra University, Barcelona, Spain
wammar@cs.cmu.edu, gmulc@Quw.edu, miguel.ballesteros@upf.edu
cdyer@cs.cmu.edu, nasmith@cs.washington.edu

- Parsing with multiple source and target languages
» Multilingual word embeddings and typological features

» Target language may not be included in source set

T Thanks to Waleed for sharing slides!




The parsing model

) out pu,E Laver

parser state

Ref: Dyer et al. 2015 15
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Language embedding
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How does the model compare to previous work when
target language has no training data?

average

75

70.5

70

LAS

65

60

E Zhang and Barzilay (2015) B Guo et al. (2016) B Our model

22



How does the model compare to previous work when
target language has a 3K-word training set?

average

70

63.1
66.7

65

62.4

LAS

60

55

E Monolingual B Duongetal. 2015 B Our model

23



Does the model match the performance of the monolingual
parsers when target language has lots of training data?

Our full model

Monolingual
average / baselines
35 843 o L
83.5 o £
81.9
80
LAS
/5
70

E Delex HE +=lLexical M +=Language B +=fine POS M Monolingual
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Need More Data!

Wang and Eisner (2016) The Galactic Dependencies Treebanks:
— Getting More Data by Synthesizing New Languages I

punct

% DET NOUN PROPN VERB VERB DET ADJ NOUN ADV  PUNCT
ROOT Every move Google makes brings this particular future closer
Language Sentence
English Every move Google makes brings this particular future closer.
English[French/N] Every move Google makes brings this future particular closer.
English[Hindi/V] Every move Google makes this particular future closer brings.
English[French/N, Hindi/V] | Every move Google makes this future particular closer brings.

Figure 1: The original UD tree for a short English sentence, and its “translations” into three synthetic languages,
which are obtained by manipulating the tree. (Moved constituents are underlined.) Each language has a different

distribution over surface part-of-speech sequences.




Parser Evaluation

CoNLL shared tasks on dependency parsing 2006—2007:

Large variation in parsing accuracy across languages

Hard to analyze differences because of inconsistent annotations

CoNLL shared task on UD parsing 201 7:

Cross-linguistically consistent annotation

Can we now compare numbers across languages!?
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A New Proposal

, aux
nsubj cop
,Ol:l_;], mark
Ot det punct
csub; clf
ccomp case
xcomp cc

LAS = Labeled F-score on All — Punct
CNC = Labeled F-score on All — (Punct U Func)



Main Metrics Func Core

Language LAS CNC Diff | Freq F Freq F
Estonian 85.90 86.08 0.18 | 11.85 85.03 | 27.36 84.71
Finnish 78.45 7722 —1.23 | 17.26 84.48 | 23.51 77.19
Finnish-FTB 76.17 74.61 —1.56 | 19.87 82.50 | 25.58 73.59
Polish 86.21 84.47 —1.75 | 21.64 92.51 | 30.49 84.67
Czech 83.23 81.04 —2.20 | 24.08 90.22 | 22.53 81.51
Hungarian 82.87 80.62 —2.25 | 25.78 89.36 | 23.48 81.40
Ancient Greek 57.80 5547 —2.34 | 20.02 67.71 | 32.82 54.18
Croatian 79.89 7752 —2.37 | 28.04 86.01 | 20.30 79.21
Latin 60.27 57.81 —2.45 | 18.51 71.06 | 31.64 60.20
Tamil 70.87 68.25 —2.62 | 13.58 88.29 | 21.30 60.68
Arabic 74.61 71.66 —2.95 | 28.30 82.18 | 22.82 68.95
Slovenian 86.06 83.08 —2.98 | 29.33 93.23 | 20.08 82.65
Latin-ITT 74.67 7143 —3.24 | 33.54 81.10 | 29.72 72.19
Old Church Slavonic 78.37 75.08 —3.29 | 23.02 89.42 | 38.06 76.67
Bulgarian 85.74 82.01 —-3.73 | 31.33 93.87 | 27.49 78.12
Persian 79.57 7573 —3.84 | 29.42 88.86 | 16.45 63.09
Danish 80.01 76.12 —3.89 | 34.14 87.56 | 27.79 81.03
Latin-PROIEL 68.40 64.49 —3.91 | 23.60 81.18 | 35.27 65.67
Basque 74.13 70.19 —-3.94 | 23.66 86.97 | 26.02 63.70
English 83.80 79.70 —4.10 | 32.44 92.30 | 27.29 84.73
Gothic 73.66 69.50 —4.16 | 26.36 85.32 | 37.32 72.84
Norwegian 86.49 82.30 —4.19 | 35.20 94.22 | 28.87 85.31
Swedish 80.00 75.81 —4.19 | 32.98 88.63 | 27.00 8&81.59
Greek 81.36 75.04 —6.32 | 40.06 90.96 | 24.99 77.82
Italian 87.69 80.76 —6.94 | 43.97 96.54 | 20.02 79.21
Spanish 84.76 77.70 —7.06 | 43.58 93.84 | 1895 80.39
Portuguese 86.24 79.09 —-7.15 | 42.27 96.03 | 30.79 82.47
Hindi 84.20 77.01 —7.20 | 37.68 96.10 | 20.36 64.81
Ancient Greek-PROIEL | 71.00 63.71 —7.29 | 32.07 86.53 | 34.28 63.93
Hebrew 80.94 7297 —7.97 | 37.70 94.01 | 25.09 67.82
Romanian 71.05 63.02 —8.03 | 33.19 86.97 | 26.15 53.90
Irish 72.98 64.45 —8.54 | 35.41 88.52 | 30.21 61.91
Average 78.36 74.18 —4.17 | 29.06 87.86 | 26.69 73.32
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“Content-Head Dependencies”

—rarara [ /A /)

have come to Osaka we have come to Osaka

Bad for parsing!?

“It is now fairly well known that, while dependency representations in which content
words are made heads tend to help semantically oriented downstream applications,
dependency parsing numbers are higher if you make auxiliary verbs heads [...] and if you
make prepositions the head of prepositional phrases.” (De Marneffe et al., 2014)
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Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design
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Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

Function head Content head




“Content-Head Dependencies”

“Function-Head Dependencies”

do Mee code 1 Omla I

have come to Osaka

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

Function head Content head
Prep — Noun v X
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have come to Osaka

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

Function head Content head
Prep — Noun v X




N “Content-Head Dependencies”
“Function-Head Dependencies P

do Mee code 1 Omla I

have come to Osaka

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

Function head Content head
Prep — Noun v X
" Det-Noun | x | v
""""""""" cc-Conj | X | v




“Content-Head Dependencies”
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Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

Function head Content head
Prep — Noun v X
" Det-Noun | x | v
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“Content-Head Dependencies”

[%ctlfon Hea\c{l /Deperkjj;ncies”\( [ H [ mx

h t Osak
ave come o saka have come to Osaka

Schwartz et al. (2012) Learnability-Based Syntactic Annotation Design

Function head Content head
Prep — Noun v X
" Det-Noun | x | v
""""""""" cc-Conj | X | v
~ Aux-Verb | 2 | >
"""" Mark - Infinitive | 2 | 2?2
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Silveira and Manning (2015) | " nconclusive
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UD Parsing

Silveira and Manning (2015) _— aux . Inconclusive
. . . . English; case :
Monolingual parsing using transform-detransform | cop | results
De Lhoneux and Nivre (2016) : . Negative
i i : - All P aux
Monolingual parsing using transform-detransform | ~ results
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UD Parsing

Silveira and Manning (2015) . aux Inconclusive

. . . . English; case :
Monolingual parsing using transform-detransform | cop | results
De Lhoneux and Nivre (2016) : . Negative

i i : - All P aux
Monolingual parsing using transform-detransform ~ results
Attard.l et al. (20 I.5) o | tealian case UD > ISDT
Monolingual parsing using different representations | cop

..................................................................................................................................................................................................................................

Rosa (2015)

Multi-source delexicalized transfer parsing Al case ub >PDT
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UD Parsing

Not so bad after all?

No clear evidence that “content-head” is harder to parse in general

* In the cross-lingual setting, it even seems to work better



UD Parsing

Not so bad after all?

No clear evidence that “content-head” is harder to parse in general

* In the cross-lingual setting, it even seems to work better

Can we do better?

Exploit the full representation — lexical and functional heads

*  Use typology of syntactic relations as a bias for learning



Beyond Parsing



Transforming Dependency Structures to Logical Forms for Semantic Parsing

Siva Reddy'® Oscar Tickstrom* Michael Collins'® Tom Kwiatkowski*
Dipanjan Das' Mark Steedman’ Mirella Lapata’
"ILCC, School of Informatics, University of Edinburgh
¥ Google, New York

* Rules for mapping dependency trees to logical forms
+ State-of-the-art on multiple question-answering tasks

* New paper: one set of rules for multiple languages

Transactions of the Association for Computational Linguistics, vol. 4, pp. 127-140, 2016. Action Editor: Christopher Potts.
Submission batch: 12/2015; Published 4/2016.
(©2016 Association for Computational Linguistics. Distributed under a CC-BY 4.0 license.



Transforming Dependency Structures to Logical Forms for Semantic Parsing

Siva Reddy'® Oscar Tickstrom* Michael Collins'® Tom Kwiatkowski*
Dipanjan Das* Mark Steedman’ Mirella Lapata’
TLCC, School of Informatics, University of Edinburgh
* Google, New York

* Rules for mapping dependency trees to logical forms
+ State-of-the-art on multiple question-answering tasks

* New paper: one set of rules for multiple languages

T Thanks to Oscar for sharing slides!
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Take syntactic dependencies

nsubj cop det root dobj nsubj acl punct

Pixar is the company which Disney acquired
PROPN VERB DET NOUN DET PROPN VERB PUNCT



Take syntactic dependencies

psubj cop det root dot3j n§ubj acll punct
Pixar is the company which Disney acquired
PROPN VERB DET NOUN DET PROPN VERB PUNCT

Deterministically infer logical form(s)

dz.company (Pixar) A acquired(z.) A arg, (z., Disney) A arg,(z., Pixar)



Deterministically Convert to Logical Form(s)

Jz.company (Pixar) A acquired(z.) A arg, (2., Disney) A arg,(z., Pixar)



Deterministically Convert to Logical Form(s)

Jz.company (Pixar) A acquired(z.) A arg, (2., Disney) A arg,(z., Pixar)

Learn model to map logical form to KG to answer guestion

organization.
organization
7
L 4
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Disney acquired  Pixar

Dependencies drive the composition
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root

nsubj dobj

N

Disney acquired  Pixar

binarization
v ..>dobj> ... >nsubj > ....

(dobj acquired Pixar)
/ f N\

function argument argument
(head) (dependent)
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root

nsubj dobj

N

Disney acquired  Pixar

binarization
v ..>dobj> ... >nsubj > ....

(nsubj (dobj acquired Pixar) Disney)

substitution + composition

V

Az.dzy.acquired(z.) A Pixar(y,) A Disney(x,) A arg (ze, o) A args(ze, Yo )



A Single Type System

root

nsubj dobj

N

Disney acquired  Pixar

All constituents are of the same lambda expression type
TYPE|acouired] = TYPE[Pixar] = TYPE[(dobj acquired Pixar)]



A Single Type System

root

nsubj dobj

N N

Disney acquired  Pixar

Lambda Calculus Basic Types
Individuals: Ind (also denoted by )
Events: Event (also denoted by )

Truth values: Bool



Substitution

root

nsubj dobj

N

Disney acquired  Pixar

Lambda Expressions for Words (Ind x Event -> Bool):

acquired = Azx.acquired(z,)

Pixar = A\z.Pixar(z,)



Substitution

root

nsubj dobj

N

Disney acquired  Pixar

Lambda Expressions for Dependency Labels:

dobj= Afgz.dx. f(2) N g(x) AN args(z., x,)

mirrors the tree structure



Composition

root

dobj

acquired Pixar
(dobj acquired Pixar)

Afgz.dy.
f(z) Ng(y) A
arg2(267 ya)

A\z.acquired(z.)  Ay.Pixar(ye)



Composition

root

dobj

acquired Pixar
(dobj acquired Pixar)

Afgz.dy.
f(z) Ng(y) A
arg2(267 ya)

A\z.acquired(z.)  Ay.Pixar(ye)

Agz. Jy. acquired(z.) A g(y)
A argQ(zea ya)



Composition

root

dob

acquired Pixar
(dobj acquired Pixar)

Afgz.dy. . :
A g(y) A Az.acquired(ze) A\y.Pixar(y,)

argo (Ze 9 ya)

Agz. Jy|acquired(z.)|A g(y)
A argQ(zea ya)




Composition

root

dobj

v N
acquired Pixar
(dobj acquired Pixar)

Afgz.dy. . :
A g(y) A Az.acquired(z.) Ay.Pixar(yq)

args (Ze, Ya)

A\gz. Jy|acquired(z.)|A g(y)
A args(Zze, Yo )

Az. dy. acquired(z.) A Pixar(y,)
A arga(2e; Ya)



Composition

root

dobj

v N
acquired Pixar
(dobj acquired Pixar)
Afgz.dy. . -
- /\-/\ Az.acquired(z.) Ay.Pixar(yq)
argQ <e s ya

Agz. Jy|acquired(z.)|A g(y)
A args(Zze, Yo )

Az. Jy. acquired(z.) A[Pixar(yq)|
A args(Ze, Ya)
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Composition

root

nsubj dobj
Disney acquired Pixar
(nsubj (dobj acquired Pixar) Disney)

Afgz. dx.
f(2) A g(z)A
argy(2e, Tq)

Az. dy. acquired(z.) A Pixar(y,) Az.Disney (zq)

A args(ze, Ya)



Composition

root

nsubj dobj
Disney acquired Pixar
(nsubj (dobj acquired Pixar) Disney)

Afgz. dx.
f(2) A g(z)A
argy(2e, Tq)

Az. dy. acquired(z.) A Pixar(y,) Az.Disney (zq)

A argo (Zea ya)

Agz.dxy.acquired(z.) A Pixar(yq) A g(x) A
argi (Zea xa) A\ argZ(Zea ya)



Composition

root

nsubj dobj
Disney acquired Pixar
(nsubj (dobj acquired Pixar) Disney)

Afgz. dx.
f(2)|A g(z) A
argy(2e, Tq)

Az. dy. acquired(z.) A Pixar(y,) Az.Disney (zq)

N\ arga (Zea ya)

)\gz.ﬂmy[acquired(ze) A Pixar(ya)J/\ g(x) A
argi (Zea xa) /\[argZ(Zea ya)J




Composition

root

nsubj dobj
Disney acquired Pixar
(nsubj (dobj acquired Pixar) Disney)

Afgz. dx.
f(2)|A g(z) A
argy(2e, Tq)

Az. dy. acquired(z.) A Pixar(y,) Az.Disney (zq)

N\ arga (Zea ya)

)\gz.ﬂwy[acquired(ze) A Pixar(ya)J/\ g(x) A
argi (Zea xa) /\[argZ(Zea ya)J

Az.dxy.acquired(z.) A Pixar(y,) A Disney(x,) A
argi (267 Sva) A argQ(zea ya)
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Composition

root

nsubj dobj
Disney acquired Pixar
(nsubj (dobj acquired Pixar) Disney)

Afgz. dx. . .
[ ]/\[ ]/\ Az. dy. acquired(z.) A Pixar(y,)

al‘g1 Ze, :Ua A argQ(Zev ya)

Ax.Disney(z,)
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Composition

root

nsubj dobj
Disney acquired Pixar
(nsubj (dobj acquired Pixar) Disney)

Az.dzy.acquired(z.) A Pixar(y,) A Disney(x,) A
argi (Zea xa) A argZ(Zea ya)



Comparison with CCGQG

CCG DepLambda

Lexicalized semantics Simple lexical semantics

Words drive composition Dependencies drive

composition
Argument and adjunct Every dependent is
distinction an adjunct

Complex types are powerful Simplicity gives robustness
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White et al. (2016) Universal Decompositional

Semantics on Universal Dependencies
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Other NLP Work

White et al. (2016) Universal Decompositional
Semantics on Universal Dependencies

REALIS +

Your buddy Be dll invited m
<

ANIMATE +

AWARENESS + ARG

VOLITION +

Sarabi and Blanco (2016) Understanding Negation in
Positive Terms Using Syntactic Dependencies!?

{pomct} T—

mah
|
it} P | I . v amd . AN ¢ g \ " et ¢ . .
The report  claims that underclass youth do n't have those  opportunitics

Negated statement: The report claims that underclass youth don’t have those opportunities.

Positive Step | The report claims that underclass youth do have those opportunities.
comags Step 2 The repont claims that underclass youth have those opportunities.
¥ Step 3 The report claims that underclass youth have thase opportunities. (idem)

Relevant tokens | Underclass youth have those opportunitics.
none | coarse = Underclass youth [some verb) those opportunitics, bur nor have
nsubj | coarse [Some people] have those opportunities, but not Underclass yowuth.

Potential amod | fine [Some adjective] youth have those oppoctunities, but not Underclass youth.
positive nsebj | fine Underclass [some people] have those opportunitics, but not Underclass youth,
interpretations dobyj | coarse Underclass youth have [something), but not those opportunities,

det fine Underclass youth have [some] opportunities, but not those opporfunities.

[ dobj | fine | Underclass youth have those [something), but not those opportunities.

Table 1: Negated statement and systactic dependencies (top), and automatically gemerated positive counterpart and potential posi-
tive interpretations (bottom). For potential interpretations, we include the dependency from the focus to the rest of the interpretation
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none | coarse  Underclass youth [some verb) those opportunitics, bur nor have

nsubj | coarse [Some people] have those opportunities, but not Underclass yowuth.
Potential amod | fine [Some adjective] youth have those oppoctunities, but not Underclass youth.
positive nsebj | fine Underclass [some people] have those opportunitics, but not Underclass youth,
interpretations dobyj | coarse Underclass youth have [something), but not those opportunities,
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Conclusion

UD is widely used for parsing within and across languages

*  We may have to tweak representations for parsing

*  We should definitely think more about evaluation metrics

UD is starting to be used for other NLP tasks

» Several initiatives to build semantic representations on top of UD

* Scattered work on embeddings, sentiment analysis and more



