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ABSTRACT

Deep neural networks with different structures in natural language processing showed different performance
results even though they utilize training set with the same corpus. For this reason, before improving the structure
of the model, researchers go through the process of finding a model that show good performance in general. In
this paper, the accuracy of the deep neural networks is compared in various aspects with different corpus type.
For our experiments, we used three neural networks and three corpus. The first model is CNN and the second
model is RNN. Finally, the third model, CNN and RNN combined model. We compared the accuracy of models
in terms of different data sizes, different word expressions, and different corpus, so that our work provides

guidelines for selecting the appropriate neural network for natural language corpus via three comparison methods.
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Table 1. Comparison of accuracy of three models for corpus with different data size and learning method
Representation Data size
w2v Rand
w2v Ao 15000 | 10,000 | 15,000 | 20,000 | 25,000
+Update +Update
CNN 87.1 89.2 88.5 82.4 85.7 86.3 87.0
IMDB Bi-GRU 83.7 87.9 86.8 76.0 71.5 78.5 80.7 -
Bi-GRU+CNN 88.5 89.7 88.9 83.7 86.4 87.6 88.0
CNN 77.0 81.6 82.5 58.4 59.6 58.8 58.2 58.8
NSMC Bi-GRU 79.2 82.0 70.0 58.8 61.0 61.2 60.8 61.1
Bi-GRU+CNN 79.6 829 82.8 59.6 64.6 66.7 67 68
CNN 73.0 79.4 77.9
Reuters Bi-GRU 72.5 76.0 59.5 -
Bi-GRU+CNN 75.7 81.2 78.9
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