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. A% (Word Representation) Q2

» D% FK T (distributed representation)
v IR RS [WANEXAE ETXORE! L RCEMATE, HiE X BB,

"He wrote a book."

he [-0.34, -0.08, 0.02, -0.18, 0.22, ...]
wrote  [-0.27, 0.40, 0.00, -0.65, -0.15, ...]
a [-0.12, -0.25, 0.29, -0.09, 0.40, ...]

book [-0.23, -0.16, -0.05, -0.57, ...]
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. i@#&E3 (Word Representation)

* D% FKT (distributed representation)
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. word2vec NP

Input layer
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[eXeXe]

am O mm

Output layer

[eXeXe]
[THeXeXe]

o Jj
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@ i Softmaxm 2K, EEBESHRE1 X Vg EVF%—XX g V-dim
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. word2vec

book memoir
@ O
breakfast dinner
O
O
novel lunch
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book memoir
@ O
breakfast dinner
O
O
novel lunch

B =S ERIword2vedaiFIE=SB)a !
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. word2vec

dinner book

. . memoir
©

breakfast novel

lunch
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>>> distance(words[ "book"],words|[ "book"])
e
>>> distance(words["book"],words["breakfast"]) k|ng queen
- ©.6351827719357863
o. 120161, 1 >>> distance(words[ "book"],words[ “novel™])
o 3206 0.3436623421719047
: : >>> distance(words["lunch"],words["breakfast"])
A et e et R i 0.2006302059301045
>>> closest_words(words[ "book™])[:6]
[ "book®, 'books', 'essay', 'memoir’', 'essays', 'novella’] kmg - man ueen oman
>>> closest words(words["lunch"])[:6] g

['lunch', 'dinner', 'lunches', 'snack', 'meal', 'brunch']
>>> closest_word(words|["woman"] + words["king"] - words["man"])
‘queen’

>>> closest _word(words["england"] + words["paris"] - words["france"])
'london’

>>> closest_word(words["japan"] + words["beijing"] - words["china"])

"tokyo' man woman
>>> closest word(words["hospital®] + words["teacher"] - words["school"])

'nurse’

>>> closest_word(words["hospital™] + words["student"] - words["school"])

"hospital’

>>> closest_words(words|[ "hospital™] + words["student”] - words["school"])
[ "hospital', 'patient', 'icu', 'nurse', 'nurses', 'transplant', 'gyn', 'neurosurgery', 'inpatient', 'medical’]
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dessert

wordcount
=3

words = 1

count of “no”

) =0

was
— [X13X23...XN}
= o(Wx+Db) great
= Uh
= softmax(z) Input words

% positive lexicon x

X1

W}a — p(t)

X3

X \%Y%

1] [d
L] Adyxnl g i
Input layer  Hidden layer

n=3 features

“ @ —p(-)
%i'@ — p(neut)

[3xdy,]

[3X1]

Output layer
softmax
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y = softmax(z)

embedding for
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Input layer
pooled
embedding

Hidden layer

Output layer
softmax
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. Recurrent Neural Networks

one to one

\ Vanilla Neural Networks
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. Recurrent Neural Networks NEIT SR

one to one one to many

A cat sitting on a A cat is sitting on a
suitcase on the floor tree branch

\ﬁ]!lﬂ *1%&""1_

R -> XFiak Two people walking on the A tennis player in
beach with surfboards action on the court
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. Recurrent Neural Networks

one to one one to many many to one
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. Recurrent Neural Networks AR R
one to one one to many many to one many to many
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S. Hochreiter and J. Schmidhuber, Long short-term memory, Neural Computation 9 (8), pp. 1735-1780, 1997
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