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

EM with Features

N LP

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

EM
Fit Params

Berkeley

EM with Features

2z,

Berkeley
EM with Features
N LP
Initialize weights w
repeat
® Compute expected counts e
repeat

Compute V{(w,e)
w — climb(w, {(w.e), V{(w.e))
until convergence
@ Transform w to 6
until convergence

' Compute /(w, e)

Initialize weights w
repeat
® Compute expected counts e
repeat
Compute /(w, e)
Compute Vi(w, e
l w <—Pclimb(w(. 1(w.)e). vi(w,e)) L (W>
until convergence
@ Transform w to 6
until convergence

Berkeley
EM with Features
N LP
Initialize weights w
repeat
® Compute expected counts e
repeat

Compute V{(w, e)
w — climb(w,{(w,e), V/(w,e))
until convergence
@ Transform w to 6
until convergence

l Compute /(w, e)

EM with Features

Initialize weights w
repeat
® Compute expected counts e
repeat
Compute /(w, e)
l Compute V/{(w,e)
w — climb(w, {(w.e), V{(w,e))
until convergence
@ Transform w to 6
until convergence

Taylor Berg-Kirkpatrick, Alexandre Bouchard-Coté, John DeNero, and Dan Klein. 2010.
Painless Unsupervised Learning with Features , 5528%I/541Q



=2bn - =2

Transition  Current State Resulting State Description
DROP  [o|so, 9, bo|S, Al lo|so, 0, 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, 9, bob1[B, A] concatenates a sequence of words into a

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

- CONFIRM(c) [o|so, 0, bo[B, A] ~  [o[so, 0, c[B, A] derives the first element of the buffer (a -
word or span) into a concept c.
T ENTITY()” [7]50; 8, BolB, Al [o[se, 8, ], A Utelations(¢)] ~ 4 special form of CONFIRM that derives -

the first element into an entity and builds
the internal entity AMR fragment.

- NEW(c) [o]so, 6, bo|B, A]  [o[so, 0, c[bo|B, A] generates a new concept c and pushes it
to the front of the buffer.
~ LEFT(r) [o]so, &, bolB, A]  [o]so, 6, bo|B, AU{so < bo}] links arelation r between the top
RIGHT(r) [o]so, d, bo|B3, A] [o]s0, 6, bo|B, AU {so N bo}] concepts on the stack and the buffer.
- CACHE [o]so, 0, 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]sold|bo, [], B, 4 shifts the first concept of the buffer onto

the stack along with those on the deque.
~  REDUCE [o]so, 6, bolB, 4] = [0, 6, bolB, A pops the top concept of the stack. @
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Aligner Experiments:
Two Open-sourced AMR Parsers

LDC2014T12 Experiments

* alignment F-score * parser improvements

70 70
model newswire all 69 69

JAMR parser: Word, POS, NER, DEP
Aligner  Alignment F1 ~ Oracle’s Smatch puser_ (‘)r 713 65.9 68 68
v (on hz;l:)d:llgn) (on de:)'.I (17;1lasel) alig 731 67.6 67 b4 67
(; %'7 94'7 CAMR parser: Word, POS, NER, DEP 66 : 66

= 2L : + JAMR aligner 68.4 64.6 os
+ Our aligner 68.8 65.1 65 65 2
64 64
63 63
JAMR (Flanigan14) CAMR (Wang15)

Baseline m+our alignment Baseline m+our alignment
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sep [ action| rule stack coverage e ree T . L .
| : thincis T % i 77“" e:g e Shift-reduce parsing is efficient but suffers from
el 4 ] y : : B 5
o Model 4 25 92 303 parsing errors caused by syntactic ambiguity. Fig-
GIZA++  Intersection 68 218 i £
— io 96 281 ure 3 shows two (partial) derivations for a depen-
1| s | v | (oo Provdeat winy eeco000 Refined method 59 184 d i S
o o, (AR - &5 lency tree. Consider the item on the top, the algo-
2| s | m | [ohe President wil] pisit se5uess Nt i e rithm can either apply a shift action to move a new
— +Model 4 25 5.6 18.3 i 1 i io-
. N frsrctan 58 G item or apply a n?dlfce left action to obtain a big:
S ose P ik et pemer i o e ger structure. This is often referred to as conflict
—~" A Vigne +exact match 53 i . . & i
4| S | 0| (The Prosident will vist] [London in Apri]] | *sweses *{’n’;ked wlodrd count 52 };% in the shift-reduce dependency parsing literature
+bilingual dictionas - .. H H
ey Y. ink co-occurrence ount (GIZA++) 51 163 (Huang et al., 2009). In this work, the shift-reduce
5 R, [The President will visit London in April] +link co-occurrence count (Cross-EM) 40 15.7 pa.rsel' faCeS fOl.lr lypes Of COnﬂiClS:

2R 1EX

i=1 By il g e tion on k that for all k, U - akt!l > ks. Be-
21: end procedure cause U - ak+! < ||U|| [|a**!]|, it follows that
[ak+1] > ke.
/\ —t =t \J—.E A H
gANgAY = T
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Conclusion
Problem Method Results
SPIGOT [
Shareholders took their money 5 N : - S
lc Intermediate parser @ z Vz£ ” I I:|
arg max ’,/ e
Shareﬁozldtrarrisntéo/ly(ﬁ thé/irn money § : I
el lc Downstream task / VoL ? — W‘/m s; s'm:“/mm spﬁm
Loss L "E“:“ - j ’ ;
Z
Hao Peng, Sam Thomson, and Noah A. Smith. 2018. Backpropagating through @

Structured Argmax using a SPIGOT , &fg—ma
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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

Challenges and Contribution

IN\ZSFEEAEX
TEMEEE

* Challenges

« deriving an optimal alignment in ambiguous situations.

* recalling more semantically matched word-concept pair witho
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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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
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r aligner algorithm

Enhancing aligner with
rich semantic resources

Producing multiple
alignments

N R

Input: An AMR graph with a set of graph fragments C';
a sentence W; a set of matching rules Ps: and
a set of updating rules Py.
Output: aset of alignments A.
forc e Cdo
L Ace0;

for ppr € Py do
for w, . « spans(W) do
force Cdo
if par(c, ws.) then
| Ac ¢ A U(s,e,nil);

8 updated + true ;
9 while updated is true do

updated + false:
for py; € Py do
forc,d € C x Cdo
for (s,e,d) € AL do
if pu(c,ws.e) A (s,e,c') ¢ Ac then
A.+ A U(s,ec):
updated + true;

A+0;
for (a1, ...,ac) € CartesianProduct( Ay, ..., A|c|) do
legal + true;
fora € (ay,...,a.) do

(s,e,c') «a;

(s',e',d) + au;

if s #s' Ae # ¢ then

|_ legal + false ;

if legal then
[_ A+ AU(a1,...,ac);
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Experiments
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* We conduct experiments on LDC2014T12
* We evaluate the alignment F-score and Smatch of

resulted parsers

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

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 67.4
x10 725 68.1
" Our ensemble: Word, POS + Our aligner
x3 72.5 67.7

x10 7953 68.4
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Experiments

* We conduct experiments on LDC2014T12

* We evaluate the alignment F-score and Smatch of
resulted parsers |
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: Aligner  Alignment F1  Oracle’s Smatch t model newswire all :

1 (on hand-align) (on dev. dataset) :: Our single parser: Word only 1

I "JAMR 90.6 91.7 :: + JAMR aligner 68.6 639 |

| Our 95.2 94.7 t ~ +Ouraligner 693 64.7 |

1 L Our single parser: Word, POS 1

*—-I--I--I--I—-I--I--I--I--I--I--I--I--I--I--I--I--I--I--I--I--I—-I—-I—-I—-I—-I—-I—-I—-I—# \“ .‘ -o J ( S 8 I

' model newswire all o il IR. igna 556 s ()-_u‘ 4

1 — — i + Our aligner 69.8 65.2

1 JAMR parser: Word, POS, NER, DEP | = —— .

: T 71.3 65.9 :: Our ensemble: Word only + Our aligner ]

1 = e o x3 71.9 674
- aligne 3. 6 4 i !

| CAMR parse. Word, POS, NER DEP™~~ § - 521 L B

I ool 2 2 ¢ Ourensemble: Word, POS + Our aligner :

i + JAMR aligner 68.4 64.6 :: 3 725 617 !

: + Our aligner 68.8 65.1 = x10 115! 68.4 :

! !
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Experiments LDC2014T12 Experiments

STECAlAES

* We conduct experiments on LDC2014T12 * alignment F-score * parser improvements
* We evaluate the alignment F-score and Smatch of — e
resulted parsers JAMR parser: Word, POS, NER, DEP

Aligner ~ Alignment F1  Oracle’s Smatch

i + JAMR aligner mu3 65.9
- (on hand-align)  (on dev. dataset) +Our -1liun;r 731 67.6
Aligner Allgnmem.Fl Oracle’s Smatch nmdn.l newswire all JAMR 90.6 91.7 CAMR parser: Word, POS, NER, DEP
(on hand-align) (on dev. dataset) Our single parser: Word only Our 95.2 94.7 + JAMR aliener 68.4 64.6
JAMR 90.6 91.7 + J/\MRl aligner 68.6 63.9 - ulign;r 68.8 65.1
Our 95.2 94.7
Our single parser: Word, POS
el s all +JAMR aligner 68.8 64.6
fnoce ‘ne“ f“"e — 4 + Our aligner 69.8 65.2
JAMR parser: Word, POS, NER, DEP 5 o Wod oolo s OuraT
§ W : -aliener
+JAMR aligner 713 65.9 ur ensemble: Word only + Our aligner
Ol 731 67.6 b ] 719 674
ool R NS s R LR ([ 725 681
CAMR p‘"‘s"r' Word, POS, NER, DEP Our ensemble: Word, POS + Our aligner
+ JAMR aligner 68.4 64.6 3 725 677
+ Our aligner 68.8 65.1

x10 733 68.4
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= 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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