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Abstract  Currently, recurrent neural networks (RNNs) have been widely used in semantic
representation modeling of text sequences in natural language processing. For those languages without
natural word delimiters (e. g. . Chinese), RNNs generally take the segmented word sequence as
input. However, sub-optimal segmentation granularity and segmentation errors may affect sentence
semantic modeling negatively, as well as subsequent natural language processing tasks. To address
these issues, the proposed weighted word lattice based RNNs take the weighted word lattice as input
and produce current state at each time step by integrating arbitrarily many input vectors and the
corresponding previous hidden states. Weighted word lattice expresses a compressed data structure
that contains exponential word segmentation results. To a certain extent, the weighted word lattice
reflects the consistency of different word segmentation results. Specifically, lattice weights are further
exploited as a supervised regularizer to refine weights modeling of the semantic composition operation
in this model. leading to better sentence semantic representation learning. Compared with traditional
RNNs, the proposed model not only alleviates the negative impact of segmentation errors but also is
more expressive and flexible to sentence representation learning. Experimental results on sentiment

classification and question classification tasks demonstrate the superiority of the proposed model.
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Table 1 Results of Baseline Models on Sentiment Classification and Question Classification

1 %
Sentiment Question
Model

Char CTB MSR PKU Char CTB MSR PKU

GRUDJ 70. 8 73.3 73.7 72.8 86. 4 86.2 86. 1 84.8
LSTMM! 69. 2 73.2 73.3 72.6 86.6 86.3 86.0 84.8
2L-GRU 69.5 73.7 73.1 72.6 86.5 86.2 86. 4 84.5
BiGRU 71.4 73.7 73.5 73.1 86. 6 86.0 85.9 86.2
21-BiGRU 70.7 72.6 72.6 72.4 86.2 86. 2 86.0 85.0
CNNL2o] 65.1 69.0 68.0 68. 1 82.4 81.5 80. 1 79.9
DCNN!2! 66. 4 64. 8 62.2 65.2 84.2 80. 6 80.5 71.9
RAE?) 59.9 68. 6 68. 8 68. 4 72.1 79.1 79.2 78.0

Notes: The values in boldface indicate the best accuracy in that experimental group.

Table 2 Results of Our Work on Sentiment Classification and Question Classification

2
Sentiment Question
Model Gating
Words Char+ Words Words Char+ Words
Pool 72.1 71.7 85.5 85.9
MulSrc Avg 71.7 71.9 85.7 86.1
Gate 72.5 72.6 85.5 86.2
SWWL(Pool) 73.7 72.8 86.3 87.2
SWWL(Gate) 73.8 73.1 86. 2 87.3
SWWL(Weight) 74.0 74.0 86.5 87.1
SWWL(wGate) 73.7 73.3 86.3 87.4
Ours

DWWL(Pool) 74.3 73.9 87.0 87.1
DWWL(Gate) 72.3 71.6 84.8 85.5
DWWL(Weight) 74.1 74.2 86.8 87.2
DWWL(wGate) 74.6 73.6 86. 8 87.7

Notes: The values in boldface indicate the best accuracy in that experimental group.
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