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An Evaluation of a Layered Neural Network which Have Function of Learning
Vectorial Symbol Representations on PP-attachment Ambiguity Resolution

Minoru MOTOKI, Yoichi TOMIURA, Toru HITAKA,
Yoshio SHIMAZU and Naoto TAKAHASHI

(Received December 24, 2004)

Abstract: This paper describes a PP-attachment ambiguity resolution with a layered neural network

which have function of learning vectorial symbol representations. The proposed model does not update

only link weight but also vectorial symbol representations. We show qualitative difference between a pro-

posed model and an ordinary layered neural network, which has more hidden units (i.e. more parameters)

to have more flexibility but does not update symbol representations.
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1. The girl ate pasta with a fork.

2. The girl ate pasta with cheese.
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Fig. 1  Structure of the layered neural network used in this paper.
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Fig. 2 Structure of the proposed method for PP-
attachment.
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Table 1 Conditions of the experiment 1.

Model BP Proposed method
Learning of L off on

# of dim. of Vector 7

Initial values of L Ly~ L,

# of hidden units 50

Initial value of w random of (—1.0,1.0)
n 1.0x 107 %
Momentum term none!™

Table 2 Number of quadruples for the experiment 1.

Quadraples Training Test Development
# of data 14733 1828 2210

Table 3 Number of words for the experiment 1.

Noun Verb Preposition
Each word 4366 1540 66
Total word 37542 18771 18771
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Table 4 Maximum performance for the test data. Table 6 Conditions of the experiment 2.
L(initial value) | BP(%) Proposed mothod(%) BP Proposed method
Lo 73.5 83.3 Learning of L off on
L, 76.1 77.2 # of dim. vector 7
L, 72.3 82.9 # of hidden units | 50, 100, 150, 200 | 50
7 1.0 x 1072
Momentum term none

Table 5 Performance for the training data.

L(initial value) | BP(%) Proposed method(%)
I 74.3 89.5
L, 81.4 92.0
L, 72.4 90.0
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Table 7 Number of quadruples for the experiment 2.

Quadraple Training Test, Development
# of data 20801 2442 2870

Table 8 Number of words for the experiment 2.

Noun Verb Preposition
Each word 5582 1674 66
Total word 52226 26113 26113

Table 9 Generalization abilities of the standard BP and
the proposed method.

# of hidden unit Generalization ability (%)
ng BP Proposed method
50 75.5 79.4
100 76.6
150 76.5
200 76.9
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