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Abstract

This study applies a triple generative adversarial net(Triple-GAN) for the semi-
supervised learning of sentiment analysis. We try to see whether the data generated
by the generator can be used as an embeddings representation of a document.

GANSs is one of the deep generative models.Since the shape of the generated model
pg(x) is not given explicitly,we employ an approach different from the variational auto
encoder (VAE) and auto regressive (AR) models. The quality of the resulting sample
image has an extremely high feature. GAN has currently gone beyond theoriginal image
generation task and has been applied in various fields of study. It has been applied in
semi-supervised learning. In principle, if such data can be generated using image/label
pairs as data, then numerous teacher data can 0 be obtained, improving the accuracy of
image recognition.In addition, methods using GAN in semi-supervised learning image
recognition has become state-of-the-art. Triple-GAN is also one of such semi-supervised
learning.

GAN has successfully been applied in the field of imageprocessing, but not in the field
of natural language processing (NLP). This is due to numerous reasons.One of themis
that the sample generated in the NLP field contains basically a sentence.The sentence
is a series of discrete valuesthat make it difficult to design and train discriminator.

In this study, we use GAN for document identification instead of sentence generation.
Discriminator can be easily chieved by utilizing the generated data as an embedded O
representation of the document. Meanwhile, it is a problem to design the generator of
the embedded representation of 0 the document. Here in, we utilize a model, in which
each dimension of the embedded representation is generated from a normal distribution.
Using this model, we employ semi-supervised learning of sentiment analysis by a Triple-
GAN O For our experiments, we attempt to apply Triple-GAN using Amazon dataset
O From the experimental results, we obtain better results when compared with the
standard semi-supervised learning. However, the results are insufficient to prove the
effective application of GAN. It has been observed that there are some problems in
using the generated 0 data as an embedded representation of the document.
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Triple-GAN | 0.680 | 0.710 | 0.720 0.703

T-SVM O LPO0O0OOOO0OOOOODOODOODOOOOOOOOOOOOOOGO SVM O
gogooboobobooooobobboooooboboboboooooobbboooooobobbooon
T-SVMO LPO0ODOOOO0O0ODOOCO0OOOOO0O0OOOO0OO0OOOO0OOOOOOODOOOOOOn
goboooboobboobboobooobooboboobbooboooboooboobog.

72 00OO0ODOOOOO

00000 100000 Generator 000000000000 ODOOOOOO0OOOODODOONO
0 10,000000000. 0000 1,0000000 100,000000000 musicdO0O0D0OO0O
goboooooooooooOooboooboo.oooo 16e0DO.

goobooobobooobbooobbooboboooobbo. obbooobboooboo
ggboogooboobooboobooobooboboooo.

7.3 BERTOOO

000000000000 00000000 doc2vec 00O ODO. OOODOOOODOOODO
000000000000 00DOD. 0000 BERTOOOOODODODOOOOOODOOO
0do00oooooooooooo0. dodod BERTOOOOOODOODODODOODOOOooood
doodo0oO0ooobOooDo0ooDO0ooooDO0oo0oooooO0oo0oDOOon0. oooo BERT
I

http://nlp.ist.i.kyoto-u.ac.jp/index.php?BERTE6%,97%A5%E6%9C)LACILESY%AAY,
9EPretrained’E3%83%A2),E3%83%87%E3%,83%AB

BERT 0OUOOUOOOOOO0OOO0OOOOOO doc2vec 00000 OOOOODOOOO 14% O
ugb. gguobbtboboooobbbooooobboooobbb oo bbuooooboo

*2 https://scikit-learn.org/stable/modules/label_propagation.html
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