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Huge language models are becoming an elemental technology that forms the basis of current
natural language processing research. In this paper, we present deep learning-based classification
and generation techniques that we recently studied and developed at the Data-driven Intelligent
System Research Center (DIRECT), NICT. First, we introduce the huge language models that we
created for text classification tasks. We exploit these models for developing many systems at DI-
RECT, such as the deep learning version of our open-domain question answering system WISDOM
X. Then, we present our language models for text generation tasks, which we created by addition-
ally pretraining the aforementioned models for classification and modifying them to generate texts,
and explain how we use these models in our next-generation spoken dialog system WEKDA. Fi-
nally, we present our efforts to make the deep learning version of WISDOM X lighter and faster.
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NICT BERT},s: ( HZAFE Wikipedia, BPE # ) BASE 100k juman H A5 Wikipedia

NICT BERTg,g ( HAGE Wikipedia, BPE % ) BASE 32k juman+BPE H AGE Wikipedia
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NICT BERT,s: ( HAGE Wikipedia, BPE 4 ) 56.34 57.96 69.72 7720 59.18 61.16 7792 79.49
NICT BERT sper ( HRPBIFRT —782 , BPE # ) 64.84 70.44 79.38 87.40 66.46 72.10 7841 79.83
BERT},s: Multilingual Cased ** 4843 4719 4327 61.75 51.51 54.01 70.10 70.16
BERT HAE Pretrained €7 )V (Base WWM it ) *° 53.06 51.76 6748 75.29 53.90 56.06 73.39 75.65
BERT H A Pretrained € 7 )V (Large WWM it ) ** 54.74 54.76 70.34 7789 56.62 61.18 75.79 7749
Pretrained Japanese BERT models *° 54.99 54.63 67.00 75.08 57.86 62.45 7768 78.87
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BT HMENS N2, &L 7 BB
12100k DFEREICEHEENTICEH TE 2w, LI
EICE TN L LT BB R  HaicEE
TETCWARVWEWIREDLH L, ZDzH, ZD L)
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* 4 https://github.com/google-research/bert

*5 https://nip.ist.i.kyoto-u.ac.jp/index.php?ku_bert_japanese
%6 https://github.com/cl-tohoku/bert-japanese

%7 https://github.com/yoheikikuta/bert-japanese

*8 https://www.hottolink.co.jp/blog/20190311_101674/
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