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A Study on Improving Performance of the
Deep Neural Network Model for Relational Reasoning

Hyun-Ok Lee" - Heui-Seok Lim™

ABSTRACT

So far, the deep learning, a field of artificial intelligence, has achieved remarkable results in solving problems from unstructured data.
However, it is difficult to comprehensively judge situations like humans, and did not reach the level of intelligence that deduced their
relations and predicted the next situation. Recently, deep neural networks show that artificial intelligence can possess powerful relational
reasoning that is core intellectual ability of human being. In this paper, to analyze and observe the performance of Relation Networks (RN)
among the neural networks for relational reasoning, two types of RN-based deep neural network models were constructed and compared
with the baseline model. One is a visual question answering RN model using Sort-of-CLEVR and the other is a text-based question
answering RN model using bAbI task. In order to maximize the performance of the RN-based model, various performance improvement
experiments such as hyper parameters tuning have been proposed and performed. The effectiveness of the proposed performance
improvement methods has been verified by applying to the visual QA RN model and the text-based QA RN model, and the new domain
model using the dialogue-based LL dataset. As a result of the various experiments, it is found that the initial learning rate is a key factor
in determining the performance of the model in both types of RN models. We have observed that the optimal initial learning rate setting
found by the proposed random search method can improve the performance of the model up to 99.8%.
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Table 1. Performance Comparison Between RN and
Baseline on our Visual QA Task

Model Performance (%)
. RN CNN-+MLP
Question —batch size:64, —batch size:64,
type —learning rate:le—4 | —learning rate:le—4
Non-relational 619 595
question : ’
Relational question 445 42.0
Average 55.0 52.5
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Fig. 10. Loss of Each Model with Different Hyper Parameters
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Table 2. Improved Performance by Hyper Parameters Tuning 4.2208869%-3 16291823e-3 3.8567344e-4
Performance ‘ N*um
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Table 3. Comparison of Results on bAbl QA Task Using
Different Learning Rate Set by Random Search Method

) Performance

Learning rate

Accuracy (%) Loss (%)
2.3025629¢ 99.8 0.019473627
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Table 4. Comparison of Results on Dialog-based LL QA Task
Using Different Learning Rate Set by Random Search Method

Learning rate Performance
Accuracy (%) Loss (%)
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