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Langacker (1990: 271)



����
������
• ,>B���'!�&�#��=?76�G-�������
� ��	�������������

• 4C�H1�9E�	��0:/� �"/�������

���34�����������

�������	��
• Wikipedia�$+)&�#��%�*�76��4C�A@�
D;�;�.
� (��'!�85���word2vec�
3��.F�2<



word2vec��
�
��
• 2A�%'�(*&"$�3
�������word embeddings��:5
�����/1

• >�4@�;=96�8�
������
• >���4@�������

��
• Mikolov, Tomas, et al. 2013. Efficient Estimation of Word 

Representations in Vector Space. arXiv:1301.3781
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McCormic (2016) �����	
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単語ベクトル

単語ベクトルは入力され
る異なり語の数に応じて
サイズが決定される
（例えば10,000語）
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語の特徴を表す任意の数の
ニューロン（例えば300個）
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重み：W

入力層 隠れ層 出力層
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重み：W’

様々な語 が or に対して
近接する可能性
（例えば10,000語）

← lunch

← dinner

← eat

← buy

softmax関数で確率に
落とし込んでベクトル化
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https://en.wikipedia.org/wiki/Wikipedia:Database_download
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• wp2txt: Wikipedia dump file to text converter

https://github.com/yohasebe/wp2txt
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from gensim.models import Word2Vec
min_count = 5
size = 300
window = 5
model = Word2Vec(sentences, 

min_count = min_count, 
size = size, 
window = window)
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len(w2v_model.wv.vocab)

t-SNE�t-Distributed Stochastic Neighbor Embedding��
�
300���2���!"�����

model.wv.similar_by_word ('idea', topn = 25)

[('concept', 0.7832673192024231),
('process', 0.6979352831840515),
('expression', 0.6963064670562744),
('effect', 0.694710910320282),
('invention', 0.688177227973938),
('sense', 0.6801007390022278),
... ]
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model.wv.similar_by_word ('send')

[('give', 0.88),
('find', 0.88),
('allow', 0.87),
('deliver', 0.86),
('add', 0.86),
('keep', 0.85),
('overcome', 0.85),
('collect', 0.85),
('handle', 0.85),
('retain', 0.84)]

[('receive', 0.87),
('upload', 0.85),
('listen', 0.82),
('transmit', 0.81),
('browse', 0.79),
('scan', 0.79),
('incoming', 0.79),
('synchronize', 0.78),
('securely', 0.78),
('retrieve', 0.78)]

��	 �������
�����



word2vec����3
word2vec��������������	�
����	�

����

father + daughter – mother = son
france + tokyo - japan = paris

2��������������
model.wv.most_similar(positive = ['ios', 'google', 'mobile’],

negative = ['apple'])

[('android', 0.89),
('server', 0.87),
('sql', 0.85),
('linux', 0.85),
('windows', 0.84), ... ]

[('android', 0.70),
('apps', 0.68),
('skype', 0.68),
('messenger', 0.64),
('bing', 0.64), ...]
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model.wv.doesnt_match(['keyboard',
'mouse', 
'screen',
'printer',
'algorithm'])���

'printer' 'algorithm'
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keyboard

mouse
screen

printer

algorithm
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Cf. Desagulier (2017)
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