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You have two minutes to engage your audience before they start to
doze. -- Simon Peyton Jones in How fo give a great research talk
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Berkeley

NLP

EM
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Fit Params

115

Initialize weights w

@ Compute expected counts e
repeat
Compute £(w,e)
' Compute Vi(w,e)
w «— climb(w, {(w,e), Vf(w,e))
until convergence
@ Transform w to @
until convergence

Berkeley Berkeley
EM with Features EM with Features EM with Features
NLP NLP
Initialize weights w
repeat repeat
e v @ Compute expected counts e
Initialize weights w Feiat
Compute {(w,e)
repeat L(W) ' Compute Vi(w,e) L(W)
@ Compute expected counts e e
repeat @ Transform w to @
until convergence
Compute /(w, e)
Compute V{(w,e)
w « climb(w, £(w,e), V{(w,e))
until convergence
@ Transform w to 8
until convergence

Berkeley

EM with Features

NLP
Initialize weights w
repeat
@ Compute expected counts e
repeat
Compute ((w, e)
L(W) 'Compule Viiw,e)
w <« climb(w, {(w,e), Vi (w.e))
until convergence
@ Transform w to &
until convergence

Berkeley
EM with Features
NLP
Initialize weights w
repeat
@ Compute expected counts e
repeat

Compute Vi(w, e)
w « climb(w, {(w,e), Vi({w.e))
until convergence
@ Transform w to 6
until convergence

Compute {(w, e)
Liw I

Taylor Berg-Kirkpatrick, Alexandre Bouchard-Co6te, John DeNero, and Dan Klein. 2010.
Painless Unsupervised Learning with Features, Z528%I/54TQ
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Transition  Current State Resulting State Description
DROP [o|so, 9, bo|B, A] lo|s0, 0, B, A pops out the word that doesn’t convey
any semantics (e.g., function words and
punctuations).

"7 T MERGE [5]50, 8, BolbilB, AT ~ [o[se, 8, o [B AT T T T T T T concatenates a sequence of words nfo a -
span, which can be derived as a named
entity (name) or date—-entity.

- CONFIRM(c) [o|so, 6, bol8, A] ~  [o]so, 0, c[B, A] derives the first element of the buffer (a -
word or span) into a concept c.

" TENTITY(S) (350, 8, Bold, Al T~ [olso, 9, G|, A UTelafions{c)] ~ ~a special form of CONFIRM that derives -
the first element into an entity and builds
the internal entity AMR fragment.

"7 T NEW(c) [o|so, 6, bolB, A] ~  [o]so, 0, c[bo|B, A T T T generates a new concept c and pushes it -
to the front of the buffer.

- LEFT(x) [o|so, 6, bo|B, A] [o]s0. 6, bo|B, AU {so < bo}] links a relation r between the top

RIGHT(r) [o]|so, 6, bo|3, A [o]s0, J, bo|B, AU{so = bp}] concepts on the stack and the buffer.

"~ " CACHE [o]|so, 9, bo[B, A] ~ " [o, sold, bo|B, A] passes the top concept of the stack onto -
the deque.

" " SHIFT [o|so, 6, bolB, A] ~  [o]sol|d]bo, [], B, A] shifts the first concept of the buffer onto
the stack along with those on the deque.

~ REDUCE [o]so, 6, bo|B8, A] [0, 4, bolB8, A] pops the top concept of the stack.
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Aligner Experiments:

B Ab | LA EAp e R Two Open-sourced AMR Parsers

* alignment F-score * parser improvements
70 70
model newswire all 69 69
AM arser: Word, POS, NER, DEP

Aligner  Alignment F1 ~ Oracle’s Smatch J\+lj}{\£\)‘;;;:11.vll(-:- : _’,l:'i s 65.9 68 68
(on hand-align)  (on dev. dataset) Ei (;U} aliﬂn;r = 'H‘-I (1'7'(_‘ 67 67

JAMR 90.6 91.7 i = - = s o s ! 1.7
O 05.2 04.7 CAMR parser: Word, POS, NER, DEP 66 66

—= : +JAMR aligner 68.4 64.6 . ok
+ Our aligner 68.8 65.1 65 65 :
64 64
63 63
JAMR (Flanigan14) CAMR (Wang15)

Baseline m+our alignment Baseline m+our alignment
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ep deton | ol S S Yy i E“E“’};':“m m::"s'““ Shift-reduce parsing is efficient but suffers from
" cizny, Mol s gig ;{;; parsing errors caused by syntactic ambiguity. Fig-
s 1l e e ek, 2 2L ure 3 shows two (partial) derivations for a depen-
. S S < s dency tree. Consider the item on the top, the algo-
2| 8 | n | [The Preiden wit] sty secosns TR i i rithm can either apply a shift action to move a new
A Th e o - item or apply a reduce left action to obtain a big-
3| & [The President will visi] | ssoeone - bt o B ] u ger structure. This is often referred to as conflict
G| B | T e i g’ | 555585 ﬁg;’:i‘%?ﬂ(‘::::v 2; m ;I;i ]_tlha; shift-reduce depemjlency parsing.hl-:eralure
S e o @z 51 g etal., 2009). In this work, the shifi-reduce

5| R The resdentwill st London n Apri] | "%%%0* ik corortmrnch count (Come ) &4 i parser faces four types of conflicts:

RN I3

AeFihid 5 VEFNSL LG

i=1 2 e = retum n-best Hst tion on k that for all k, U - &1 > ké. Be
21: end procedure cause U - a**! < |[U|| ||a**||, it follows that
|@*+1] > ko,
AW ik sl
LT FF I 1
* KKK KKk kK KAK KKK
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Hao Peng, Sam Thomson, and Noah A. Smith. 2018. Backpropagating through
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Conclusion
Problem Method Results
SP I GOT ‘SemEval ‘15 Micro-averaged labeled £,
W in-domain out-of-domain
Shareholders took their money :
lﬁ Intermediate parser § -
gm . I
Shareholders took their money t N B R AR
Alayer? ODcwnstraam task Vol ? o e M:;m s; 5“‘7‘“ 5’:‘“
e A A
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Loss L

Structured Argmax using a SPIGOT, &fg—ma

(1)
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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

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

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

g BT IS A AT A

bn)\?i?i_?%—l%—dﬁ% Challenges and Contribution

ﬁ%ﬁg%gﬂl’i * The first challenge is deriving an optimal alignment in
IS 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
and unsupervised aligners is tuning the alignment with
downstream parser learning.

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

Challenges and Contribution *Elﬁlmg{%ﬁ%ﬁﬁ¢$ﬁ

RIiRE 7 —BE SRk

* Challenges “
= deriving an optimal alignment in ambiguous situations. I Ik \%Hgi\jth

= recalling more semantically matched word-concept pair withou

harming the alignment precision.

= tuning the alignment with downstream parser learning.

* Contribution
= an enhanced aligner tuned by transition-based oracle parser

6
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r 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 A.

forc € Cdo

L Ace8;
for pyy € Py do
for w, . « spans(W)do

forc € Cdo
if pu(c, ws ) them
L Ac & A U (s,¢e,nil);

8 updated + true ;
9 while updated is rue do

updated + false:
for pyy € Py do
forc,c' € C x Cdo
for (s,e,d) € A! do
if pr(c,wse) A (s,e,c) € Ac then
A .+ A U(s,eC):
updated + true;

Ae0;
for (a1, ...,a.) € CartesianProduct( A, ..., A|c)) do
legal + true;
fora € (ay,...,a.) do

(s,e,c') «a;

(s',€',d) & au;

ifs#s' Ae#e then

|_ legal + false ;

if legal then
L A+ Au(ar,..,ac);
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Experiments

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

resulted parsers

8 2Bk 5] 1T

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 713 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

model 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 719 674
x10 725 68.1
Our ensemble: Word, POS + Our aligner
X3 125 67.7
x10 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 o e i e e e e e e e e e e e e e e e e e e e e e e e
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: Aﬁgngr = A]igmﬁénl Fl  Oracle’s Smatch

! (on hand-align) (on dev. dataset)

1 JAMR 90.6 91.7

| Our 95.2 94.7

I

: model newswire all ﬂ
! JAMR parser: Word, POS, NER, DEP s
: + JAMR aligner 71.3 65.9 s
I + Our aligner 73.1 67.6 |
! CAMR parser: Word, POS, NER, DEP |
! 4+ JAMR aligner 68.4 64.6 |
!+ Our aligner 68.8 65.1 §
— L

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 1.9
x10 i
Our ensemble: Word, POS + Our aligner
X3 2.3
x10 TS
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Experiments

* We conduct experiments on LDC2014T12

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

Aligner  Alignment FI ~ 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 + Our aligner 69.3 64.7
Our single parser: Word, POS '

- + JAMR aligner 68.8 64.6

model newswire all s 2
- . . + Our aligner 69.8 65.2

JAMR parser: Word, POS, NER, DEP 5 T e

+JAMR EIH.gnL‘[ 713 65.9 Ll::nf\l?lll (5H ord only + ll-,]' l:.1ql‘|__,llt‘.‘] ik
_ +Ouraligner Bl ____ 616 x10 725 68.1

CAMR parser: Word, POS, NER, DEP " Ourensemble; Word, POS + Our aligner
+ JAMR aligner 68.4 64.6 X3 725 67.7

+ Our aligner 68.8 65.1 x10 733 68.4
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LDC2014T12 Experiments

* alignment F-score * parser improvements
model newswire all
arser: Ve Dy N 'E P
Aligner  Alignment F1  Oracle’s Smatch JATJR\E';;QE} “:(_:‘d' S l\;l;'i G 65.9
(on hand-align) (on dev. dataset) 24 (;ur uli"nﬁr = 'H“] (‘:7'(‘
( [ Ml A y
L <o o CAMR parser: Word, POS, NER, DEP
it — - + JAMR aligner 68.4 64.6
+ Our aligner 68.8 63.1




— 2 VL L T 'Iﬁ
/\itizjlﬁaéii‘}‘

- NEAERETTIRS R
- WHEARE R =
o W ELIR 2 1)
- NEZFMHK AR
« BASLE R
- NED B AR
» HLALDT AR B B
- AR

= A DU WI A A 3 75 AR A5 28T 4 2

©



I

vor ML B =2 T 4 = BE
{EHH ER::%H@EE%&

F9
IS E T TR AR, AR 2
« SRR

= KEGK T EATN?
 JHUFZRTRMPR, BE R UL T
- RIFmBES PR ( AZINE 2 #fnotes )
= SRIBES) G 1 FH — LB AR s

>

©



— 2 VL L T 'Iﬁ
N byjjjﬁ'\%ﬁ U

= AT
« PRI 1% 2%
« UKL, WEEZE %y slides

= A
= XY AR, ASREH HT 35 B
« FIWT AT HR A ) 2 A
ks, B
« 15241z F o
= ¥ I 4 B[]
- 55
= WSEREIZMAEER, AN E R R
- FARABT W, AEITHNH
- PEANHR

e



el el
—— s,

v/
T\ e

e BOEARIR A 1 B
= LI A TN R
= 75 Wb ) iR S B AL AR B
" E%iiﬁ/\ﬁﬂ% 4 BRI 15
IR A R
= DU T ) A R

« P BT E S
- P B

= JEETIA
= 2 HAM AR S
- £%5>], fE{Ttopic

h?ﬁjt%ﬂ’:l
HREE

]!




225 GURY
Z5 0

= Simon Peyton Jones. How to give a great research talk
= https://www.microsoft.com/en-us/research/academic-program/give-great-research-talk/
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