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Motivation » Span-based Parsing

1. Store word-level representations.
2. Recursively compose phrase-level representations.
3. Directly evaluates category assignment to phrases.

» Explicit modeling of phrase structure

 Recent CCG supertagging and parsing models demonstrate high
performance yet rely on non-explicit modeling of dependencies

Algorithm 1: Span-based CKY parsing

between words through neural networks. Vo, Vi Vot = Encode(un wz, -+ un)
@ v | Puiyi+ 1) = SM(Quo(LN(UyViiet + b)) + €u) : > Equation (11)
. 4 | forC e {X|Py(i,i +1)[X] >t, =0.1}do
(3 Explicit modeling of phrase structure with neural networks. || B e 0
6 vector|t, 1 . — Vi:it1.
7 for{=2.--- ,ndo
. . 8 fori:=0,--- ,n—fdo
» Syntactic phrase-level representation || =il
10 fork=:14+1,---,7—1do |
(7 Compose syntactically rich phrase-level representations while ! for Cy € {Xprobli, k, X] > 0} do
12 vik = vector[i, k, Cy]:
maintaining training efficiency. : for ff E_{X'Tﬂb[&hj‘?]].} 0} do
- = vector|k, 7, Cal;
15 fﬂrJC’ e {X|C1Cy; —= X € R} do
- 16 Vi = Vik * Vieq | > Equations (4) and (5)
H0|0gra phIC CCG . P.(i. ) :kSﬂ-:ijgQSJ(LN(USw;j+135]|]|+c5]: > Equation (13)
18 if Ps(i,7)[e] > ts = 0.01 then
o o o 19 P,(i,7) = SM(Q,o(LN(U,v;.. +b,)) +¢,): © Equation (12)
» Holographic Embeddings (Nickel et al., 2016) 7,.0)(C)> =001 then
. . p = log P,(i, §)[C]+log Py(i, j)[e]+prob[i, k, C1]+problk, j, Ca];
* Embedding knowledge graphs into vector space ) S
o . 22 it p > probji, 3, C| then
for statistical modeling 2 probli, j,C] = p:
o . . . 24 backpointer|i, j, C] = (k, Cy,Cs):
* Vector composition using circular correlation to capture s| || L L L L L L veetorfii €] =iy

dependencies between entities
* Similarity of knowledge graphs and phrase structures that need to

capture dependencies between components  Dataset: CCGbank (Hockenmaier et al., 2007)
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 Applicable to Supertagging and Span-based Parsing.

Result & Discussion

* Hol-CCG outperforms baseline.

* Span-based Parsing outperforms C&C Parser.

* Explicit modeling of word/phrase dependencies through
composition of phrase representations is effective for both

(S\NP)/(S\NP)// supertagging and parsing.
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1. Encode word sequence into distributed representations.
2. Recursively compose phrase-level representations. * Hol-CCG achieved SoTA in supertagging accuracy and LF with C&C
3. Predict CCG categories and span existence. Parser.
o 1 s s s Spem) N e * Hol-CCG’s span-based parsing is competitive with current SoTA
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