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Fig. 1: Mechanism of DVM.
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2).
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Fig. 2: Mechanism of CBow'®,
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FET D (Fig 3).

Input Projection Output
4 | wa@
SUM L W(M)
) | | K
RSl
|| w35

Fig. 3: Mechanism of Skip-gram'¥.
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Fig. 4: One-hot vector and sentence ID.
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Fig. 5: Scheme of Subword.
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Fig. 8: Scheme of Attention.
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Fig. 9: Mechanism of Transformer®,
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Fig. 10: Mechanism of MLM.
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Fig. 11: Scheme of ELECTRA'?,
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Fig. 12: Scheme of Cos Similarity, Euclidean Distance,
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Fig. 13: Scheme of Mahalanobis Distance.
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Fig. 20: Ratio of Stranger, Fan and Friend in the top 5% of the document vector similarity.
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Fig. 21: Ratio of Stranger, Fan and Friend in the top 10% of the document vector similarity.
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Fig. 22: Ratio of Stranger, Fan and Friend in the top 20% of the document vector similarity.
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Fig. 23: Ratio of Stranger, Fan and Friend in the top 30% of the document vector similarity.
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Table 1: Engagement ratio of each group.
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0.1% 1 0 0 3 4  4.4%
03% 3 0 0 4 7 7.8%
1% 0 0 0 4 4 4.4%
3% 0 0 0 1 1 1.1%
10% 1 0 0 2 3 33%
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Fig. 24: Engagements of each group.
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