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I-QANet: Improved Machine Reading Comprehension
using Graph Convolutional Networks

Jeong-Hoon Kimf, Jun-Yeong Kim*, Jun Park+, Sung-Wook Parkf,

Se-Hoon Jung“, Chun-Bo Sim'’

ABSTRACT

¥

Most of the existing machine reading research has used Recurrent Neural Network (RNN) and
Convolutional Neural Network (CNN) algorithms as networks. Among them, RNN was slow in training,
and Question Answering Network (QANet) was announced to improve training speed. QANet is a
model composed of CNN and self-attention. CNN extracts semantic and syntactic information well from
the local corpus, but there is a limit to extracting the corresponding information from the global corpus.

Graph Convolutional Networks (GCN) extracts semantic and syntactic information relatively well from
the global corpus. In this paper, to take advantage of this strength of GCN, we propose I-QANet, which
changed the CNN of QANet to GCN. The proposed model performed 1.2 times faster than the baseline
in the Stanford Question Answering Dataset (SQuUAD) dataset and showed 0.2% higher performance
in Exact Match (EM) and 0.7% higher in F1. Furthermore, in the Korean Question Answering Dataset
(KorQuAD) dataset consisting only of Korean, the learning time was 1.1 times faster than the baseline,
and the EM and F1 performance were also 0.9% and 0.7%6 higher, respectively.
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o SQuAD1.1 performance evaluation results
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Fig. 4. SQUAD1.1 performance evaluation results,

Table 1, SQUAD1.1 Comparison of train time, training
and inference sample speed.

Table 3. KorQuAD1,0 performance evaluation results,

EM[%] F1[%]
QANet (Baseline) 71.2 82.5
BiDAF 71.8 83.0
[-QANet 72.1 83.3

Table 4. KorQuAD1,0 Comparison of train time, training
and inference sample speed.
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