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Research problem
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Fig. 1: (a) One candidate parse, (b) another candidate parse, and (c¢) the combined parse. Parser combi-

nation aims to integrate the strengths of individual parsers to yield more accurate parses.



Kernel Contribution

output Yi-1 Ui . N
output T o
output hidden state s — Si] > Si -
/ output hidden state ses — = Sl — 5 | —
global context C;
global context Ci
local context
local attention global attention
input hidden state | p{) “e hG2, ) ce h'Y) | input hidden sta.e '
input :z:{ln T (;}1} IEEN) (;f 8 input
() (b)

Fig. 2: (a) Local attention and (b) global attention. While local attention is normalized within each can-

didate parse, global attention is distributed among all candidate parses.
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Results
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Table 3: Comparison of F; scores between individ- == ReParsing
- Berkeley

ual and combined parsers.

Type Parser Dev. | Test :
BERKELEY g3 90.13 | 89.77
individual
ZPAR p2 90.34 | 89.73
REPARSING o || 90.41 | 90.35 P m e W@
combined i
NEURALCOMB |( 91.32 | 90.86 Fig. 4: F; scorcs on the test sct over vartous scn-

tence lengths.



