|'TACL| Surface Statistics of an Unknown

[Language Indicate How to Parse It 7

Dingquan Wang and Jason Eisner D
{wdd,eisner}@jhu.edu

You find a POS-tagged corpus of text <Let's extract interesting features of the whole corpus
in an unknown language. ("surface cues to structure"). POS C‘Q“S
* Our universal parser sees these corpus features, along ) frue Parser
Can Yo with the input sentence. anguage 1 ([ rereen )
u PQPSe -rh . *The universal parser is trained end-to-end on diverse Fos

'S) ) o Language 2 ( i Parser2 )

’ languages, with supervision from treebanks. .

» Including treebanks for thousands of synthetic training |l .
languages. This helps. - ' g
* Our best method improved UAS and LAS on held-out

The Center For Language

and Speech Processing
at the Johns Hopkins University

/ \
SOITITREEREAN

Each language is an example!

VERB DET NOUN ADJ DET NOUN

]

Language 2 (  rouer. (AR
000 ’ cos

p o~ . POS corpus

L u )
o O test languages by an average of 5.6 percentage points N .
_ over past work.
S/ Language 1 ( ) GBI ACAN )

The Typology Component

« NOUN VERE QET ADJ NOUN ADP NOUN » NOUN VERB DET ADJ NOUN ADP NOUN Neural {ﬁ&%ures Hand engineered f‘fe&%urés
m

OV ARTNODN  NOURERS PARTNOBE \ . c . e "« How often do NOUNs tend
C ‘ ANS 7] =) : :
« DET ADJ NOUN VERB ——= /657 « DET ADJ NOUN VERB Q ' O appear shor’rly before

€s/ :
« PRON VERE ADP DET NOUN . PRON VERB ALE et NOUN‘/Pgﬁse\ or after VERBs? Galactic Treebanks (Wang & Eisner 2016)
- * How often do ADJs tend to

appear shortly before or .| © More than 50,000 synthetic languages

after NOUNs? | ° Resemble real languages, but not

» NOUN DET ADJ NOUN VERE ADP NOUN * NOUN VERB DET /D) NOUI\<ADP NOUN
* NOUN NOUN VERB ,\\ * NOUN VERB PART NOUN Cue e How often do ADPs tend to found on Earth
S/ - .
— Each has a corpus of dependency

e DET ADJ NOUN VERE e=—rse . « DET ADJ NOUN VERB S e o o appear shorﬂy before or
// i obj amod  amod NOUN AUX VERB ® e e ADJ NOUN PUNCT E affer NOUNS? E Parses

* PRON ADP DET NOUN VERB * PRON VERB ADP DET NOUN . .
(Y e * In the Universal Dependencies format

» Vertices are words labeled with POS

What are we building? How do we train? fags
* Edges are labeled syntactic
lationships
score(x, y: u treebanks re
POS ocd- POS corpus ( EL ) —A * Provide train/dev/test splits,
-x a 4 N alignments, tools
SUM
»P*erm'utevt‘he vchil‘dren}(')f yerbs- ,
e . SVO(Enin-sh) : |
%cga POS corpora '
{;'30 4 . 0 @ % @ p) discard .
- v Lain / \ trees (0
S [
E S \ @’ \ |. ’ -Pérmutethe chi?idren of pou'nsA. »P*erm'utevt‘he vchiltdren‘(')fyerbs ,
Q) : A ‘ A A-"{-Drepo‘sitions(Eng.Iish))Postpositions(,la anese . SVO(En-gI'ish) ‘ m?d ‘
8 . < I < < en~hi@N~fr@V | /
g BILSTM > > > en | !
D ! ! f f en~fr@N~hi@V ﬁermu’re hi J |
s T(u) T(u) T(u) T(u) hiNfr@NNen@V fr ~ Permute the éhildren of nouns . | " What dO We get?
. ‘ ) OS 560& K / . J Preposi';i‘ons (E-ngllish)?I;ostpdsitiotns‘(_laAane‘ ‘ * New laﬁguagé : [, ",Japanesé/N] :
- x T X z3 | 1S N et |  SevempRSE "
Predicted arcs o " ! \2 I g 3000(real 20 (real) | e ‘
(dep. tree) 1\ — Y * +synthetic) e

Results (each bar stretches from labeled to unlabeled score)
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