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Recently, neural network models are used in intra-sentential predicate argument structure analysis (PASA).

However, the sequence labeling approach may assign the same case for multiple arguments.

Thus, we propose a

novel PASA method by using the Pointer Networks and alleviate the problem of multiple case assignments.
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Algorithm 1 7a—F7)L3Y XA

Given:

Swo: FHUEAIICNT % 7 HOHEETEHE X7 b v
Sga: BTAMEREIC AT 2 A OHEEMER R 7 L
Snit BIEBAHICN T 2 =M DHEERER R 7 + v
I EiEx7 bVE (7, &, =CTHLU)

Do (global argmax):

ret = [0,0, 0]

s = concat(Swo, Sga,s Sni)

s, typel , pos1 = get_index([], [], s, 1)

. ret[typel] = posl

. s, type2, pos2 = get_index([typel], [posl], s, 1)

. ret[type2] = pos2

s, typed, pos3 = get_index([typel, type2], [posl, pos?2], s, 1)
. ret[type3] = pos3
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: procedure get_index(types, poses, s, )

-
%

indexr = argmax(s)
while is_on_restricted(types, poses, indez, ) do

I
e v

s[index] = —oo

NN
N =

indexr = argmax(s)
end while
type = int(index = 1)

SIS

pos = index mod [

)
o

return s, type, pos

[~}
[=2]

: end procedure
27:
28: procedure is_on_restricted(types, poses, index, [)
29: t = int(index = 1)

30: p = index mod [

31: if p == 0 then return False

32: end if

33: if ¢t € types then return True

34: end if

35: if p € poses then return True

36: end if

37 return False

38: end procedure
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NI A—% R—=2 74V | REFIE | HRHH
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