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* Universal Dependencies
- Now has 122 treebanks, 71 languages
- Empower the supervised methods to
process these languages
- Help analyze novel languages
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Transfer Parsing
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Transfer Parsing

Engllsh Treebank
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Delexicalized Transfer Parsing

Engllsh Delex Tr'eebank French POS Corpus

——

% ‘dobj

l

1

| det ‘
| PR / / 4amed 4' } NOUN VERB DET NOUN ADJ ADP NOUN
\PRON VERB DET ADJ NOUN ‘ 1
| i 2. | | NOUN VERB PART NOUN |
do case || ‘;
nsub j / det f dot : \X , | |
[ NOUN VERB DET NOUN ADP DET NOUN { | DET NOUN ADJ VERB |
l ‘ |
| |
M [ \ advmod \ p
DET ADJ NOUN VERB ADV ! t

I

i nsub ] | . PRON VERB ADP DET NOUN
’l

h\ |

| |

l

| |

L

e = = = = e — — =

]OHNS HOPKINS .

UNIVERSITY



Delexicalized Transfer Parsing

English Delex Treebank French POS Corpus
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Delexicalized Transfer Parsing

English’ Delex Treebank French POS Corpus
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Delexicalized Transfer Parsing

English’ Delex Treebank French POS Corpus
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Improve the surface similarity
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Improve the surface similarity
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Improve the surface similarity
Target POS corpus
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Single-Source Selection
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Single-Source Selection

Source languages Target POS corpus

S-Tr'igr'am similarity
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Single-Source Selection

Source languages Target POS corpus

S-'rr'ig similarity
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Synthetic Data

Surface order Unordered dep.
(Lang. specific) P S - ’1 (Lang. universal)
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Surface Realization
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Surface Realization
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How to find ?

Source'’ Target
POS corpus

Surface siir'i'ry
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Scattershot
Source Target

, POS corpus
é random mutation!
e

Surface simir'i1'y
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This Paper: “Intelligent Design”
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@ POS corpus
— d 8

Bigram Distance

/

OHNS HOPKINS s

UNIVERSITY




Bigram Distance

* Whether the realized surface sentences have the
similar POS-bigrams to the target language

e How to compute the POS-bigrams counts?

- Expected Counts from g !
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Computing the Expected Counts

by Dynamic Programming
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Computing the Expected Counts

by Dynamic Programming
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Computing the Expected Counts

by Dynamic Pr'ogr'ammmg
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Computing the Expected Counts

by Dynamic Programming
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Computing the Expected Counts

by Dynamic Programming

C, (NOUN ADJ)




Computing the Expected Counts

by Dynamic Programming
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Computing the Expected Counts

by Dynamic Programming

C.(NOUN ADJ)
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Data

 Universal Dependencies version 1.2
- A collection of 37 dependency treebanks for
33 languages.

Train Test
cs, es, Ir, hi, de, it, la_itt, | la, hr, ga, he,
no, ar, pt, en, nl, da, fi, hu, fa, ta, cu,
oot, gre, et, la_proiel, el, ro, sl,
orc_proiel, bg ja_ktc, sv,
fi_ftb, id, eu, pl
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Is your method work?

O
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Depends on the language family
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Better parsing

 Fancier surface similarity function

- Recurrent neural network language models capture longer context
- Dynamic programming methods are no longer available.
- We need approximate inference (sampling)!

* Relax the requirement of POS-tags
- Unavailable for a low-resource target language
- Richer lexical information would be better than POS-tags

- Cross-lingual unsupervised word embeddings (Ruder et al., 2017) would be
useful

e More eﬁicientNQWoeVERB NOUN

- Enumerating over rSV@ta
- We could approximately sample from permutatlons (Eisner and Tromble, 2006)

e Multi-sources!
- One parser on many languag

al. 2016, our poster tomorrow)
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Wang and Eisner (2016)
Sourcel Source?2 Target
- . POS corpus

Surface siirify
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Wang and Eisner (2016)
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9,

Wang and Eisner, Surface statistics of an unknown
language indicate how to parse it. TACL 2018

11:00-12:30, Saturday

Grand Hall 2
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Improving Cross-Linguistic Robustness
by Training on Synthetic L.anguages

ACL “Typology for Polyglot NLP” workshop
August 2019

=
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Jason . Dingquan "%, CENTER FOR LANGUAGE
Eisner ' Wang ). MNDSPEECH PROCESSING

TACL 2016, TACL 2017, TACL 2018, EMNLP 2018 1




“What is a p0551ble human language”’

~* Typology in Imgwstlcs aims to descrlbe the
range of variation in human languages

" . (Theories of Universal Grammar aim to explain.it)

* If we know what languages can Iook I|ke we
can make new ones!

- * Training on realistic imagined languages is
like dreaming. It can help us cope with the .
real languages we’ll see when we wake up.

o JOHNS HOPKINS e
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[switch here to EMNLP’18 slides]



s 4 { g :
Surface similarity =» deep similarity?.
* By making English’ like French sf,lperﬁcially; we hope
- that a parser that finds correct English’ trees
“will also find correct French trees.

More generally Surface properties:
as clues to deep properties

1. Surface typological feature: NOUN ADJ bigram is common |
2. Deep typological feature: NOUN = ADJ modifier is common -
. * Isthere an “implicational universal” linking 1 to 2?

* French has m many surface features; by examining many

lan% ngs hope to learn what they imply about French |
OPKINS 4

UNIVERSITY




¥

~* Given sequencés of part-of-speech (POS) tags,
_predict the basic word order.of the language.

| ~* What would you guéss, based on your
knowledge of how languages typically work?

' “Verb Det Noun Adj Det Noun

=5 JOHNS HOPKINS s
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Syntactlc Typology (of Engllsh)

.Subject Verb- Object
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Fihé-grained Syntactic Typology (of English) .
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Fihé-grained Syntactic Typology (of English) .

Subjec’g-Verb-Object . Prepositional - Adj-Noun
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Fine-grained Syntactic Typology (of English) .
: & »4;::
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Fine-grained Syntactic Typology (of Japanese).
4 . .
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Fingigraihed Syntactic Typology ‘;gof Hindi)

¥
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Fine-grained Syntactic Typology (of French) .
: & f:-§e:
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Fine- gramed Syntact1c Typology
Language ; ~ Typology
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Fine- gramed Syntact1c Typology
'*Corpus of tags: u . ~ Typology .




"~ Traditional approach: -
Grammar induction + ”‘
SVO
i S NP VP 1 0.9
VP — VP PP 0,9
= JOHNS HOPKINS A
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¥

Grammar Induction °

¥

~* Unsupervised Hﬁethogl (like EM)

¥

¥
*

SSNPVP 09|

| VP —VPPP 0.2
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Grammar Inductioq‘

 Unsupervised method (like EM)
'— Converges on hypothesized trees
. — Just read the word order off the'trees! e
— Alas, works terribly!
* Why doesn’t grammar induction work (yet)? -
i Locally optimal

— Hard to harness linguistic knowledge
* Doesn’t use any evidence outside the corpus
- — Might use the latent variables in the “wrong” way

"+ Won't follow syntactic conventions used by linguists
« Might not even model syntax, but other things like topic

) JOHNS HOPKINS )

UNIVERSITY



So how were you able to do it?

* it seems like Iinwguists*might be able:

- Verb Det Noun Adj Det Noun

. * Verb at'start of sentence

* Noun-Adj bigram; Adj-Det bigram
- * Are simple cues like this useful?
—+Principles & Parameters (1981)

= Triggers (1994, 1996, 1998)

5 JOHNS HOPKINS

UNIVERSITY



¥

Not ﬁoldi‘ng out hope fora single trigger

¥

« Figurel

File Edt View Inset Tools Desktop Window Help

_)’_j'l‘;" [6 N -\':....‘3‘*.‘5’{'@1 Dl_:_:] DD

21



* “)%; ; W * e
But a combination of cues might work .
: i U
* * )
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Image source: “Unsupervised Learning of Hierarchical Representations with Convolutional Deep Belief Networks"” ICML 2009 & Comm. ACM 2011.
Honglak Lee, Roger Grosse, Rajesh Ranganath, and Andrew Ng.
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From Unsupervised to Supervised

» Unsupervised method (like EM)
- — Locally optimal
— Hard to harness linguistic_ knowledge

- I\/\lght use the latent variables in the “wrong” way
* Won't follow syntactic conventions used by linguists
* Might not even model syntax, but other things like topic

» How about a supervised method? @

— Globally optimal (if objective is convex)
— Imitates what it sees in supervised training data

X

- — Allows feature-rich discriminative model

sy JOHNS HOPKINS o

UNIVERSITY
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£ 3

What’s wrong? | i

.

¥

~* Each supervised trammg example IS a
~ (language, structure) pair.

o

#

K 4
¥

~* There are only about 7,000 languages on Earth

£

* Only about 60 lafpgiasazan m—al :
(have treebank%’ — %)

, :

T e V\;hy Earth? (

=ny JOHNS HOPKINS
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You must feel the

.
~

forlce
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feel the for|c¢ ound; IS must.
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«  We created ,
The Galactic DependenCIes Treebanks'

c I\/\ore than 50,000 synthetic I‘anguages!
* — Resemble real languages, but not found on Earth
» Each has a corpus of dependency parses
~ In the Universal Dependencies format
— Vertices are words labeled with POS tags
— Edges are labeled syntactic relationships

* Provide train/dev/test splits, alignments, tools

oy JOHNS HOPKINS P

UNIVERSITY



- Syhthe_tic.data elsewhere

* Computer: Vision
_ — Generating more data by rotating, enlarging...

(v, 6)

(6,6)==( ( ,6)
( & ,6)

| real synthetic variants

Sfy JOHNS HOPKINS

UNIVERSITY
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- Syhthe_tic.data elsevyh*‘ere‘

» Cormnputer.Vision
— Generating more data by rotating, enlargmg
- Speech

— Vocal Tract Length Perturbation (Jaitly and.
* Hinton, 2013)

¢ NLP =
— bAbI (Weston et al., 2016)

- —The 30M Factoid Question-Answer Corpus
(Serban et al., 2016)

= JOHNS HOPKINS

UNIVERSITY
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* Substrate & Superstrates -
ﬂ (terms come from linguistics of creole languages) !
\ w Japanese — Superstrate
noun order
English — Substrate

31
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P : 63 * s
You must feel the Force around you .

¥

. You'must feel the for|ce aroun |
= JOHNS HOPKINS

UNIVERSITY *



B Example
You must feel the Force around you

¥

oA Ehglish parse:

¥ nsub] nmod

dobj

/ \ case
PRON AUX VERB DET PROPN ADP PRON-
*  You must feel the Force around you

— _]OHNS HOPKINS Language: English o

UNIVERSITY




‘Permute the children of verbs

~* SVO (English)

e nsub] nmod

dobj
\ case
PRON AUX VERB DET PROPN ADP PRON-
*  You must feel the Force around you

— JOHNS HOPKINS Language: English i

UNIVERSITY




Permute the children of verbs .

B

~* SVO (English)

i nsub] nmod m
% & %

dobj
/ \ case
PRON AUX DET PROPN ADP PRON'
*  You must the Force around Yyou

J HNS HOPKINS Language: English =

UNIVERSITY




Permute the children of verbs .

o ; &

* SVO (English)

* " >

[ \/\/ e

PRON DET PROPN AUX ADP PRON:-

¥ You the Force must around you
New language: English[ ] :
] HNS HOPKINS 36
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Permute the children of nouns .

B ; @

~* Prepositions (English) ~ Postpositions {Japanese)

¥ nsub] nmod m

[ \/\/ ey _'

PRON DET PROPN AUX ADP PRON:

*  You the Force must around Yyou
New language: English| ] :
JOHNS HOPKINS 37
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Permute the children of nouns

) | 5 ; & Q_
~* Prepositions (English) = Postpositions {(lapanese)

¥ nsub] nmod m

R \/ oW

PRON DET PROPN AUX ADP  PRON:

*  You the Force must around You
New language: English| ] :
JOHNS HOPKINS 38
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Permute the children of nouns

K 4

~* Prepositions (English) = Postpositions (Japanese

i nsub] and m
case *

[ \/\/ ()

PRON DET PROPN AUX PRON:-  ADP

“  You the Force must you around
J HNS HOPKINS New language: English| Japanese/N] | =

UNIVERSITY



‘What do we get?
* New treebank: i [ ',Japanes.e/N]
nsubj

(i nmod ' ;
+ Startfrom 3Rearthly tr an!o<s om UD v1.2 -
anks to the Universdl Dependencie

project

dobj
case *

iX alhtdfatcthx \ | y Léng2/ Z
Y~iélds oui373\):\éo 000 extraterrestrial ebahks
PRON BEQIRAIE DEPentdficies” treebanks e ADP

You- Sl fokdpivarsal 2ependencies Format you around

sy JOHNS HOPKINS w
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‘How exactly do we permute?- .

nsubj ( nmod

dobj
aux / \
PRON AUX PROPN PRON
You must Force you

s JOHNS HOPKINS

UNIVERSITY
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- SVO (English)

¥

nsubj

dobj

PRON PROPN AUX
You Force must

} JOHNS HOPKINS

UNIVERSITY

nmod

.

¥

PRON

you
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- Sampling
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How many possible orders?

5!

o JOHNS HOPKINS
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p(l

Hmdl)

.Order

Prpb.

BOS S adj.

2

S<V

o<V

SOadL~

)

S O

*
S

wn
@

)

3

@
w

)

1
1

1.

s JOHNS HOPKINS
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S:nsubj
O:dobj
V:VERB

BOS: Beginning of sentence

44



p( | Hmdl)

Order | Prob. B;)dsls <V 1+0<V | soad;.

SOV
SVO
| osv
ovs _
VSO I I
VOS I

* Each order has features as shown
* Train a log-linear model on Hindi treebank
« ¢ Sample from it to reorder English trees

S:nsubj
O:dobj

JOHNS HOPKINS

BOS: Beginning of sentence
UNIVERSITY
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BOS: Beginning of sentence

p(-| < "o, Hindi)
 Order | Prob. |sossad.| S<V | O<V | sOadj.-
[T es |, 1 I
Y YA 0.03 |
S @) .
) .
o < 0.1 ]
- m 0.02
0] S
NN
. 0.03 ] | 1
NN
0 s 0.02 1

46



Are Syhthetic. Languages Useful??

~* The languages éhould be divérse enough.

* The languages should be in the galaxy (m-
domain)!

s JOHNS HOPKINS o

UNIVERSITY




Evaluation: Parsability

~* s this |anguage functional enough to
“survive during human/alien evolution? g

* Less parsable =» worse for communication

* Traina parser on some trees of the language -
» Evaluate UAS (unlabeled attachment score)
on held-out trees of the same language* -

s JOHNS HOPKINS s

UNIVERSITY




Evaluation: Parsability

real
synthetic

iimim o @ NO
R G pt
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distance = parsmg transfer accuracy

Eva | uation: DlverSIty
‘ : : ¢ N-superstrate
JOHNS H 51
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Stats works backward from data to parameters.
So it’s like function inversion ... so

bJ

How do you compute sin"(y)?

v = sin (x)

=X
Y
JOHNS HOPKINS

UNIVERSITY



‘ How do you compute sin"(y)?

m Method 1: Use the Taylor series formula.

a In ML: Such closed-form methods occasionally exist for
fitting a model, e.g., spectral learning of HMMs.

m Method 2: Local search for a root of y=sin(x).

a In ML: This is what we usually do! Sadly, no multi-dim
bisection method exists: use EM, MAP, HM(, etc.
m Method 3: Precompute a table of all (x,sin(x)), look
up rows with sin(x) =y, and interpola

o In ML: This work! “Scattershot” precomputation\of
many reasonable observed sentenges, and then learn
how to work backwards fromy to

\
neural net  grammar  corpus
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e s | :
' Corpus of POS-tags [l . [CHAcicoeeneree]
¥ / * i Learned 'mapper . \

% 3 *
-

Language features - , ;
F: *

POS .
sequence :
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= % .
COrpus of POS-tagS- -w | Galactic Dependencies -
i : ) l l 2 A

f / ) Learned mapper . \

Language features
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: Wang and Eisner (2017) . :

~

Corpus of PO.S-t.ags u -

Galactic Dependencies -

/

Language features Te (CI)

N

& / ' ;, Learned ‘mapper . \

Fine-grained syntactic typology

Y

J JOHNS HOPKINS

UNIVERSITY
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Prediction of Syntactlc Typology

~

: Corpus of POS- -tags 0 -

Galactic Dependencies -

/

: Language features Te (CI)

\

« / ' ‘, I Learned mapper . \

o JOHNS HOPKINS

UNIVERSITY
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Prediction of Syntactlc Typology

Corpus of POS- -tags

~

u - . Galactic Dependencies -

/

/ .
L 4
- @

| Language features T

\

I Learned mapper . \

(0) "
\ Trained with

supervision!

Y

o JOHNS HOPKINS

UNIVERSITY
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£ 3

Superwsed Training < 4
POS-COI’pUS ¥ ,- Vectoroflength57

\‘ U True Typology

Language 1 - _)

>Language2 - _)
; #7r fromuleft toright
ftr

"

Directionality(r) =
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Prediction of Syntactlc Typology

~

: Corpus of POS- -tags 0 -

Galactic Dependencies -

/

| Language features 9

\
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\\

« / ' , I Learned mapper . \

)
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LSfl.V\ features*

99999

ul NOUN VERB NOUN o e &

U, PRON ADV VERB

U NOUN AUX VERB

u

e VERB PUNCT

33822

AUX VERB PUNCT

ADJ NOUN PUNCT

-0

~Q

¥

*

@ ¥
\)@_, o0 - -- 00

. B

@ max-pooling,
(also softmax-pooling by varying 3,
including mean-, geometric-,
harmonic-mean-, *
softmin-, and min-pooling)

62
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Data -~ | -
. Univeréal Dependencies version 1.2
_ A collection of 37 dependency treebanks for 33

languages i

- Galactic Dependencies version 1.0

UD: 20.treebanks drawn from above - -
+ GD about 8000 treebanks by mix-and-match.

d cs, es, fr, hi, de, it, la itt, no, hr, ga, he, hu, fa, ta, cu, el,

ar, pt en, nl, da, fi, got, grc, ro, sl, ja ktc, sv, id, eu, pl
et, la proiel, grc proiel, bg

63'



dob] Head Verb -> Direct Ob]ect

dobj
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nsubij: Head Verb -> Sub"ec;c

nsubj

>
xr
©
C
i)
o+
(@)
Q
=
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©
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©
()
| -
(a

0.4 0.6
True Directionality

65



Head Noun -> Nominal Modifier

nmod

>
xr
©
C
i)
o+
(@)
Q
=
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©
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]
O
©
()
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(a

-3 - n T
0.2 0.4 0.6
True Directionality
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amod: Head Noun -> Adjectival Modifier

amod

%
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o e}

o
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c
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o
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Q
=
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©
Q
S
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True Directionality
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case: Head Noun -> Adposition

O
o
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©
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0.4 0.6 0.8
True Directionality
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case (Trained on 16 Real Languages).

-t
0

o
(=)

<
S

>
xr
©
C
i)
o+
(@)
Q
=
()]
©
)]
]
O
©
()
| -
(a

s s x
0.4 0.6 0.8
True Directionality

69



- Evaluation

~* g-insensitive loss

-
O"

Prediction(p)

Loss

c:l\\Q“

True (p*)

OB



£ 3

. : ( Q) >
Compared to Grammar Induction .

o A _0.1-insensitive loss

0.2

#

Do |
& €sh~ &
! SN’ €vep i

Oa16 g 70
Ok a¢ the ¢,
Pusi

0.12 X
w
0.08
0.04
0] : .
¥ MS13 N10 Heuristic Base Rate 16 ~8000 *
State-of-the-art Simple Baselines Supervised Training .
Dependency Grammar on n Languages

Induction Systems _
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Summary: Training the System .

. |permute

&

Ve

. discard trees
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it FrOm.TypOIOgy to P'arsing'

~

Corpus of POS- -tags 0 -

Galactlc Dependencies -

/

/ .
L 4
- ¥

| Extracted features Te

m———

\

Learned mapper . \
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Our Typology or Standard Typology

" ﬁ G'alact‘lc Dependencies -

K 4
¥ 5 : ¥ 4

»
¥
b ;
¥
8 ¥

Extracted features

POS . | *- k.
: Tree

sequence

j JOHNS HOPKINS

.
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Our Typology or Standard Typology?

D[ FeawreDeseription [ Vales

Order of Subject, Object and Verb SVO, SOV, VSO, VOS, OVS, OSV
Order of Adposition and Noun Postpositions, Prepositions, Inpositions

Order of Genitive and Noun Genitive-Noun, Noun-Genitive

Order of Adjective and Noun Adjective-Noun, Noun-Adjective

Order of Demonstrative and Noun Demonstrative-Noun, Noun-Demonstrative
Order of Numeral and Noun Numeral-Noun, Noun-Numeral

WALS features rI‘ ~ e *

POS . -
sequence
: Parser

JOHNS HOPKINS

UNIVERSITY




R*eplacmg the Typology Vector
’ Corpus of POS- -tags -

POS .
sequence

| .

L:JO

—
b UN

Galactlc DependenCIes "

/

/ 1 I Learned mapper . \

Language features r.‘

!

\ y

PKINS

SITY

Tree
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*Replécing the Typology \(ecfor f
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*Replacing the Typology \[ecfor f

* PRONAUX...
* VERB PROPN ...

Corpus.of tags (0)
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Corpus of POS-tags .

¥

///’ ;
e

¥

POS .
sequence :

-
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:
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5 Learned ‘mapper . *\tS\

Language features r.‘
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score(z, y)

el t)SUM

¥ < 1
S3.1
1 / 2 3
52,3 53,2
ak J
> ®
CI? : 205 X3

Kiperwasser and Goldberg (2016)
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SuperVIsed Training

i

pos corpus "POS- treebank |

"4

(x V)-pairs’

' Language 1 (- -)
: Languagez (- - )

¥
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How can we recover linguists’ structure?

Trust linguists’ Trust linguists’
theory annotations

R

Generative modeling Conditional modeling
p(®) p(y [©) p(x ]y, 6) pC) p(y, ©1x)
“Try to reason “Mimic output
like a linguist” of linguists”
(can figure out (trained for accuracy

strange new languages) on past languages)



Future challenges

Higher-quality synthetic languages

o Non-projective orders, function morphemes,
punctuation, restructuring, context-sensitive
realization

o Globally plausible realization systems

Useful beyond the zero-shot scenario?

Discover morphology and syntax jointly
Handle raw text; exploit words and semantics

Tasks beyond parsing
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