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Combining text clustering and text retrieval for corpus adaptation

He Feng, Ding Xiaoqing
(Department of Electronic Engineering, Tsinghua University, Beijing 100084 )
Abstract

In order to solve the difficulties brought about in some situations when using the application-relevant text data to do
various natural language processings, such as automatic speech recognition and intelligent input due to the hard collection
of relevant data and the scarcity of application-relevant training texts, this paper presents a novel method for corpus adap-
tation by combining the unsupervised text clustering and text retrieval techniques. The method only uses a small set of ap-
plication specific text to find the relevant text from a large scale of unorganized corpus, thereby, it adapts training corpus
towards the application area of interest. The performance of the n-gram statistical language model, which was trained
from the text retrieved and tested on the application-specific text, was used to evaluate the relevance of the text acquired.
The preliminary experiments on short message texts and unorganized large corpus demonstrated the good performance of
the proposed method .
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