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A Model of Word Sequence Prediction
by Improved Simple Recurrent Networks

Y OSHIHISA SHINOZAWA 1

Elman proposed a simple recurrent network which is a model of language
acquisition. Elman showed that a SRN learned to predict the word to come
next in the sentences and could acquire grammatical concepts and meanings.
It is difficult for a SRN to learn the sentences which contain a number of word
and complicated grammatical structure. Especially, it is difficult to memorize

input words in earlier step (low memory accuracy). In this paper, we propose
a model of word sequence prediction by improving a SRN. We propose how to
learn to predict the next words by distributed networks, whose structure is de-
cided by using relationship between words in the sentences, bigram. In learning
of proposed networks, a neuron of the input layers is added when a new word
emerges in the sentence. Proposed networks have two loopbacks from hidden
layers to context layers and local connections to learn information about words
and grammatical features stored in the hidden layers separately. We examine
effectiveness of our model with learning of next word prediction. Obtained
results show that our model can accquire grammer features and improve low
memory accuracy.
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Fig.1 Learning of word sequence prediction by a simple recurrent network.
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Fig.2 A model of distibuted networks.
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Fig.4 Loopbacks from hidden layer to context layer.
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Fig. 6 Learning of word sequence prediction by proposed networks.
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S —S1|S2]S3

S1 — NP VP .

S2 — Aux NP VP ?

S3 — WH NP VP 7 | WH Aux NP VP ?

RC — (who | which) VP | (which | whom) NP VP
NP — N | N RC

VP — V1| V2 OP

OP — O | ORC

N — N1 | N2

O — N1|N2 | N3

N1 — Human | Animal

N2 — Humans | Animals

N3 — Drink | Foodl | Food2 | Book | Fragile
V1 — Intrans_v | Intrans_vs

V2 — Trans_v | Trans_vs
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Table 4 Results of prediction by proposed neural networks.
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Table 5 Results of prediction by a simple recurent network.
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Table 6 The number of connections in a SRN and a proposed network. Table 7 Analysis of prediction by a simple recurrent network.
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Table 8 Analysis of prediction by proposed neural networks.
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Fig.7 Results in increasing the number of learning.
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Table 9 Results of prediction for question sentences.
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Fig.8 Results of prediction for ‘?’ in question sentences.
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