Computer Science and Application HHE Rl 5 M, 2016, 6(11), 629-637 Hans X
Published Online November 2016 in Hans. http://www.hanspub.org/journal/csa
http://dx.doi.org/10.12677/csa.2016.611077

Deep Learning on Improved Word
Embedding Model for Topic Classification

Yingying Zhou, Lei Fan
School of Information Security Engineering, Shanghai Jiao Tong University, Shanghai
Email: celestialsir@sjtu.edu.cn, fanlei@sjtu.edu.cn

Received: Oct. 18"’, 2016; accepted: Nov. 6"’, 2016; published: Nov. 9"’, 2016

Copyright © 2016 by authors and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

Abstract

Topic classification has wide applications in content searching and information filtering. It can be
divided into two core parts: text embedding and classification modeling. In recent years, methods
have brought out significant results using distributed word embedding as input and convolutional
neural network (CNN) as classifiers. This paper discusses the impact of different word embedding
for CNN classifiers, proposes topic2vec, a new word embedding specifically suitable for Chinese
corpora, and conducts an experiment on Zhihu, a representative content-oriented internet com-
munity. The experiment turns out that CNN with topic2vec gains an accuracy of 98.06% for long
content texts, 93.27% for short title texts and an improvement comparing with other word em-
bedding models.
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Figure 1. Text classification model based on convolutional neural network
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Figure 2. Text classification model based on topic2vec
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Figure 3. Length distribution of Zhihu raw dataset
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Table 2. Nearest terms of 2 types of word embedding
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Table 3. Classification accuracy of CNN under different word embeddings
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