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Fine-Grained Entity Classification Method Fused with Memory Network

ZHOU Qi, TAO Wan', KONG Chao, CUI Baiting
School of Computer and Information, Anhui Polytechnic University, Wuhu, Anhui 241000, China

Abstract: Fine-grained entity classification is a task that requires a fine-grained type label to be assigned to a given
entity mention. Most of the existing fine-grained entity classification uses distant supervision method. All of the type
labels corresponding to the entities in the knowledge base are assigned to the entity mention, which will introduce
irrelevant or specific noise labels. In distant supervision, type labels that are not related to the entity mention context
are classified as out-of-context noise labels, and type labels whose assignment of fine-grained labels leads to inacc-
urate entity meaning in the context are classified as overly-specific noise labels. In order to reduce the impact of noise,
manual labeling and heuristic pruning methods have been used in the past, but there are some problems such as low
efficiency and reducing the size of the training set, which leads to the deterioration of the overall performance of the
classification model. By introducing the memory network, the classification model can deeply learn the correlation

between the entity mention context and the type label, enhance the memory representation of the type label
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corresponding to the similar entity mention context, and effectively reduce the influence of out-of-context noise labels.

At the same time, transformative hierarchical loss function is used to effectively learn the hierarchical relationship

between type labels, so as to alleviate the negative impact of overly-specific noise labels. In addition, using the

L2 regularization function can prevent the model from overfitting noise labels. Experimental results on public

datasets show that the proposed method can effectively alleviate the negative effects of out-of-context noise labels

and overly-specific noise labels on the classification model, and its performance in accuracy, Macro F1 value and

Micro F1 value is superior to previous methods for processing noise labels.

Key words: fine-grained entity classification; noise processing; memory network; type label
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4]F-1: In 2008, Jay Chou won the Best
Composer Award at the 19th Golden
Melody Awards for his song“Blue and
77| White Porcelain”.

school, Jay Chou failed to the music
department of Taipei University twice,
so he started working in a restaurant.
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Fig.1 Two forms of noise labels
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Fig.2 Fine-grained entity classification model fused with memory network
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Table 3 Performance comparison of fine-grained entity classification methods AT %
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