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“You have two minutes to engage your audience before

they start to doze.” -- Simon Peyton Jones in How to give a
great research talk
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(Zhang and Nirve 2011, Martins et al 2013)

Our Work

* A neural network based dependency parser!

Parsing on English Penn Treebank (§23):

Unlabeled attachment score (UAS) sent/s
THERSIHGR MaltParser (greedy) 89.9> Py 560 ) il
-based Our Parser (greedy) 92.0 1013
Zpar: beam = 64 92.9 29
Graph MSTParser 92.0 12
-based TurboParser 93.1 31
A Fast and Accurate Dependency Parser using Neural Networks 3

Dangi Chen and Christopher Manning. 2014. A Fast and Accurate Dependency
Parser using Neural Networks, 28 =711
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EM with Features

Initialize weights w
repeat
® Compute expected counts e
repeat
Compute {(w, e)
Compute V{(w, e)
w « climb(w, {(w,e), Vi(w,e))
until convergence
@ Transform w to 6
until convergence

Be ri‘clcp’

NLP

EM
Fit Params

EM with Features

4

EM with Features

Initialize weights w

repeat

® Compute expected counts e

repeat

w -

Be ri‘clcp’

L(w)

NLP
Initialize weights w
repeat
® Compute expected counts e
repeat
Compute [(w, e)
l Compute Vi{w, e)
w e climb{w, {{w, e), 7i{w. e})
until convergence
@ Transform w 1o &
until convergence

Compute [(w, e)

L(W) lC\smpmc Vi(w,e)

climb(w, {{w, e), 7i{w.e))

until convergence
@ Transform w to @
until convergence

EM with Features

Initialize weights w
repeat
® Compute expected counts e
repeat
Compute [(w, e)
l Compute Vi{w, e)

w e chimb{w, {{w, e), 7i{w.e})

L(w)

until convergence
@ Transform w to @
until convergence

EM with Features

L(w)

Initialize weights w
repeat
® Compute expected counts e
repeat
Compute [(w, e)
l Compute Vi{w, e)
w e chimb{w, {{w, e), 7w e))
until convergence
@ Transform w to 8
until convergence

Taylor Berg-Kirkpatrick, Alexandre Bouchard-Coté, John DeNero, and Dan Klein.
2010. Painless Unsupervised Learning with Features, Z528%54T1
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Transition  Current State Resulting State Description
DROP [o|s0, 9, bo|S, A] lo|so, 9, B, A] pops out the word that doesn’t convey
any semantics (e.g., function words and
punctuations).
- "MERGE [o]so, 0, bolb1|3, A] [o[so, 8, boba[B, A concatenates a sequence of words intoa

span, which can be derived as a named
entity (name) or date—entity.

" CONFIRM(S)™ [5150; &, BolB, A ~ ~ [o[se, 8, c[4; A] derives the first elément of the buffer (a
word or span) into a concept C.

[o]so, 0, c[B, AUrelations(c)] a special form of CONFIRM that derives
the first element into an entity and builds
the internal entity AMR fragment.

- NEw(c) [o]so, 0, bo|B3, A] ~  [o[so, d, c[bo|B, 4] generates a new concept ¢ and pushes it
to the front of the buffer.
~ LEFT(r) [o|so, 8, bo|B, A]  [o|so, 8, bo|B, AU{so < bo}] links arelation r between the top
RIGHT(r) [o]so, §, bol|B, A [o|s0, 8, bo|B, AU{sq N bo}] concepts on the stack and the buffer.
T T T TCACHE [5150; 8. BalB AT T T o sold bolB, Al T T T T T T T passes the top concept of the stack onto -
the deque.
- SHIFT [o|so, 6, bo|B, A]  [o[sold|bo, [], B, A] shifts the first concept of the buffer onto

the stack along with those on the deque.

REDUCE [o|s0, 6, bo|3, A] o, 6, bo|B, A] pops the top concept of the stack.
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* alignment F-scare

77

Aligner

Alignment F1
(on hand-align)

Oracle’s Smatch
(on dev. dataset)

JAMR
Our

90.6
95.2

91.7
94.7

R

* parser improvements

model newswire all
JAMR parser: Word. POS. NER, DEP
+ JAMR aligner 113 65.9
+ Our aligner 73.1 67.6
CAMR parser: Word, POS, NER, DEP
+ JAMR aligner 68.4 64.6
+ Our aligner 68.8 65.1

PEARTS S

Aligner Experiments:
Two Open-sourced AMR Parsers

70 70
69 69
68 68
67 67
1.7
66 66
65 65 05
64 64 .
63 63
JAMR (Flanigan14) CAMR (Wang15)

Baseline m+our alignment Baseline ®+our alignment
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- Setting, Erglish-French  Chinese-English
Model 4 21 77 09
Model 4 25 02 303
GlZA++ Intersection 68 ns
Ui W 81
Refined mediond 59 184
Cross-EM  HMM, joing 51 159
Model 4 52t 78 ;s
+Model 4 23 56 183
+link count 55 177
+croms count 54 176
i +neighbor count 52 174
Vigne senact match 53 p
+linked word count 52 173
+bilingual dictionary 171
#link co-oeeurrenon count (GIZA s ) 51 163
+link co-ocourmemes cound {Crusa-EM) a“ 157

Algoriihm 1 A beam seanch algarhm for woed alignment

1 procedure ALICHIE, ¢}
: gpmed
N1

& ]

L Antiopen. a, B, B
& whileopem ¢ 0do
® choved =
I

8 list e activy

& begin with an emp -
» initialize the list

+a list ed presmising alignments

» enusrste all possible new leks
& produce a new alignement

1 g =~ Gavile.al) & compute the link gain
1 g = 0then > ewure that the score will increase
1% Antclesed, o', B, b & update promising alignments
" end if
1 ADD(, o' 0% > update n-best list
i end far
|: end foe
T open = closed + update active aligranenss
1 end while
B eeum A o et bt lisd
20 end procedure

~ [

\[_\

/
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Shift-reduce parsing is efficient but suffers from
parsing errors caused by syntactic ambiguity. Fig-
ure 3 shows two (partial) derivations for a depen-
dency tree. Consider the item on the top, the algo-
rithm can either apply a shift action to move a new
item or apply a reduce left action to obtain a big-
ger structure. This is often referred to as conflict
in the shift-reduce dependency parsing literature
(Huang et al., 2009). In this work, the shift-reduce
parser faces four types of conflicts:

B

dodd

Proof of Theorem 1: Let & be the weights
before the k'th mistake is made. It follows that
@' = 0. Suppose the k'th mistake is made at
the 'th example. Take = to the output proposed
at this example, z = argmax,-geni:,) Plei,y) -
a*. It follows from th rithm updates that
&t = a@* 4 Dl p) i 2). We take inner
products of both sides with the vector U:
U.at'=vu.4"+U

> U 8" +4

Blr, ) = U -d(r,, 2)

where the inequality follows because of the prop-
erty of U assumed in Eq. 3. Because &' = 0,
and therefore U - a' = 0, it follows by indue-
tion on k that for all k, U - ¥+ > kd, Be
cause U - a*t! < ||U|| ||a*+!

BT

ko

|, it follows that
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Conclusion

Problem Method Results

SPIGOT

Shareholders took their money

lO Intermediate parser
max

arg

Sharefiolders took théir money

o] -

[ ™

Hao Peng, Sam Thomson, and Noah A. Smith. 2018. Backpropagating through
Structured Argmax using a SPIGOT, &/5—
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Challenges and Contribution

* The first challenge is deriving an optimal alignment in
ambiguous situations.

= The second challenge is recalling more semantically
matched word-concept pair without harming the
alignment precision.

Nt =3 Challenges and Contribution

* The first challenge is deriving an optimal alignment in
ambiguous situations.

= The second challenge is recalling more semantically
matched word-concept pair without harming the
alignment precision.

* The final challenge which is faced by both the rule-based * The final challenge which is faced by both the rule-based
and unsupervised aligners is tuning the alignment with and unsupervised aligners is tuning the alignment with

downstream parser learning.

downstream parser learning.

= We proposed an enhanced aligner tuned by transition-

hased oracle parser

* We proposed an enhanced aligner tuned by transition-
based oracle parser

o HEEASEAEEF
Challenges and Contribution AN = 7 — 5 % AR
* Challenges . . T L]Z\g E/\] XTJ' tt

» deriving an optimal alignment in ambiguous situations.

* recalling more semantically matched word-concept pair without
harming the alignment precision.

* tuning the alignment with downstream parser learning.

+ Contribution
* an enhanced aligner tuned by transition-based oracle parser
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OQur aligner algorithm

’
¢

Enhancing aligner with
rich semantic resources

Producing multiple
alignments

Input: An AMR graph with a set of graph fragments C";
a sentence W; a set of matching rules Pas; and
a set of updating rules Py,

Output: aset of alignments 4.

fore e Cdo

[ Ac+8
for por € Py do
for w, . « spans(W)do

forc € C'do
if pr(c, ws . ) then
l_ A, + A U (s, e nil);

8 updated « true ;
o while updated is frue do

17
13
1L
15
16

18
1

n

n

updated « false:
for p;; € Py do
forc,c € C x Cdo
for (s,e,d) € Al do
if pu(c,wse) A (s,e,c') ¢ Ac then
A+~ A U(s,e¢);
updated + true;

A0
for (a1, ...,a:) € CartesianProduct{ A1, ..., Ajc|) do
legal + true;
fora € (aj,...,a.) do

(s,e,c) &~ a;

(¢, e',d) + a;

if s £ s' Ae e then

| legal + false ;

if legal then
| A+ Au(a,..,ac)
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Experiments

* We conduct experiments on LDC2014T12

* We evaluate the alignment F-score and Smatch of
resulted parsers

Aligner  AlignmentF1  Oracle’s Smatch model newswire all
(on hand-align) (on dev. dataset) Our single parser: Word only
JAMR 90.6 91.7 + JAMR aligner 68.6 63.9
Our 95.2 94.7 L 693 __ 64T
Our single parser: Word, POS
model newswire all P AL algn gas i
el e i (. ol + Our aligner 69.8 65.2
JAMR parser: Word, POS, NER, DEP = -
+ TAMBE aligner 713 65.0 Our ensemble: Word only + Our aligner
P 53 i x3 719 67.4
_ +Ouraligner ____ 31 616 x10 725 68.1

CAMR parser: Word, POS, NER, DEP " Our ensemble: Word, POS + Our aligner

+ Our aligner 68.8 65.1 <10 73.3 68.4
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Experiments

* We conduct experiments on LDC2014T12
* We evaluate the alignment F-score and Smatch of

resulted parsers

e T e el e T e T e el e T e el e T = = el e T = el = el

Aligner  Alignment F1

Oracle’s Smatch
(on hand-align) (on dev. dataset)

Our 95.2 94.7

model newswire

JAMR parser: Word, POS, NER, DEP

+ JAMR aligner 71.3
+ Our aligner 734

CAMR parser: Word, POS, NER, DEP

+ JAMR aligner 68.4
+ Our aligner 68.8

1
1
1
1
1
1
:
1
}.
1
1
:
| JAMR 90.6 91.7
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
:
1
15

model newswire
Our single parser: Word only
+ JAMR aligner 68.6
+ Our aligner 69.3
Our single parser: Word, POS
+ JAMR aligner 68.8
+ Our aligner 69.8
Our ensemble: Word only + Our aligner
x3 719
x10 25
~ Our ensemble: Word, POS + Our aligner
X3 25
x10 73.3

S SHIPORES
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Experiments

* We conduct experiments on LDC2014T12
* We evaluate the alignment F-score and Smatch of

resulted parsers

Ml

Aligner  Alignment F1 ~ Oracle’s Smatch
(on hand-align)  (on dev. dataset)
JAMR 90.6 91.7
Our 95.2 94.7
model newswire all
JAMR parser: Word, POS, NER, DEP
+ JAMR aligner 71.3 65.9
+ Our aligner 73.1 67.6
CAMR parser: Word, POS, NER, DEP
+ JAMR aligner 68.4 64.6
+ Our aligner 68.8 65.1

maodel newswire all
Our single parser: Word only
+JAMR aligner 68.6 63.9
+ Our aligner 69.3 64.7
" Oursingle parser: Word, POS
+ JAMR aligner 68.8 64.6
+ Our aligner 69.8 65.2
Our ensemble: Word only + Our aligner
x3 719 67.4
x10 72.5 68.1
" Ourensemble: Word, POS + Our aligner
X3 72.5 67.7
x10 733 68.4

LDC2014T12 Experiments

* alignment F-score

Aligner  Alignment F1  Oracle’s Smatch
(on hand-align)  (on dev. dataset)

JAMR 90.6 917

Our 95.2 94.7

* parser improvements

model newswire all
JAMR parser: Word, POS, NER, DEP
+ JAMR aligner 71.3 65.9
+ Qur aligner 73.1 67.6
CAMR parser: Word, POS. NER. DEP
+JAMR aligner 68.4 64.6
+ Our aligner 68.8 65.1
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(Zhang and Nirve 2011, Martins et al 2013)

Our Work

* A neural network based dependency parser!

Parsing on English Penn Treebank (§23):

Unlabeled attachment score (UAS) sent/s
Transition MaltParser (greedy) 89.9> eh 560 -> —
-based Our Parser (greedy) 92.0 1013
Zpar: beam = 64 92.9° 29
Graph MSTParser 92.0 12
-based TurboParser 923.1° 31

A THVETT AR, IEREFLDETE

rkeley
A EM with Features

NLP

Initialize weights w
repeat
® Compute expected counts e
repeat
Compute [(w, e)
Compute Vi(w, e)
L(w) l L filimh[w.l(w.t_"l.'i-'Nw.L'IJ
until convergence
@ Transform w to @
until convergence

REILBEE, AFEMGIT

Conclusion

Problem Method Results
SPIGOT —
Sharsholders 100k Ihae mondy ,.'_(!if. : [P p—
[+ ovrp— -
— \ "__. I | | I h
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Challenges and Contrib.. 27 *
* Challenges E/E

* deriving an optimal alignment in ambiguous ¢
* recalling more semantically matched word-concept pair without

harming the alignment precision.
* tuning the alignment with downstream parser, XTJ’ tl:

* Contribution
+ an enhanced aligner tuned by transition-base X_J_y‘-_
N T
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