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A Proposal of Distributed Representation Considering Features of
Learning Network on Word2Vec
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Abstract: Word2Vec is one of the most common methods for acquiring a distributed representation of
words. In the field of natural language processing, many studies applying Word2Vec to syntactic analysis
and document classification have been reported and its usefulness is suggested. Generally, distributed repre-
sentation indicates the learned weight matrix between the input layer and the hidden layer on a Word2Vec
learning network, and this is actually used. On the other hand, the weight matrix between the hidden layer
and the output layer is simultaneously generated in the learning process, which is usually not used. There
are few research reports on this weight matrix. The authors consider the interpretation of the output side
weight matrix paired with the input side one in the learning process of Word2Vec, and we propose two kinds
of word vectors using the former and the latter together in this paper. We conduct experiments on perfor-
mance evaluation of word vectors using semantic relation tests, and study the effectiveness of the proposed
word vectors. In addition, as an application example of word vector, we carry out a document classification
experiment using the proposed word vectors and show that classification performance is improved more than
the conventional distributed representation.
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Fig. 1 Learning model of Word2Vec.
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£ 1 HRBIFRHEGEREY b
Table 1 MSR Word Relatedness Test Set.

Category Relation Patterns Tested # Questions | Example

Adjectives | Base/Comparative JJ/JIR, JIR/JJ 1000 good:better rough:___
Adjectives | Base/Superlative JJ/JIS, JIS/JJ 1000 good:best rough:___
Adjectives | Comparative/Superlative JIR/JIS, JIS/JIR 1000 better:best rougher:___
Nouns Singular/Plural NN/NNS, NNS/NN 1000 year:years law:___
Nouns Non-possessive/Possessive NN/NN_POS, NN_POS/NN | 1000 city:city’s bank:___
Verbs Base/Past VB/VBD, VBD/VB 1000 see:saw return:___
Verbs Base/3rd Person Singular Present | VB/VBZ, VBZ/VB 1000 see:sees return:___
Verbs Past/3rd Person Singular Present | VBD/VBZ, VBZ/VBD 1000 saw:sees returned:___
w Syntactic Test R 2 HBHEXRYZ MBS Cos FLUEEY

Accuracy

Top-n

2 HREEARAIRIRBELR T A b
Fig. 2 Syntactic Test.
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Table 2 Cosine similarity in each word vector.
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Table 3 Word coincidence rate of inner product of word pair.

Top-n | Match rate [%)]

1 91.2
2 94.2
3 95.1

x4 HEHET—2EY

Table 4 Dataset for classification.

FT—&R¥ v b FEER TANER VIR
livedoor 4420 2947 9
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*2 https://www.rondhuit.com/download.html
*3 http://web.ist.utl.pt/acardoso/datasets/
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RE5 KT XLy MIBT 2 CESEE
Table 5 Document classification accuracy in each dataset.
T—&tw b (Word2Vec) | Win[%] Wour(%] Weonc %] Wupan([%]
livedoor(Wiki) 87.47 87.41 87.73 87.81
livedoor (% ) 91.07 91.20 91.55 91.83
Reuters(Wiki) 93.22 92.94 93.33 93.58
Reuters(7: 8 X&) 93.84 93.88 94.03 95.31

6. F&&bH

A TIE, SHEHOZREEEREZ SO %2 H
& U, Word2Vec OFH 2 CRIEYMIZAERI NS B
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%7280, Wirpan OHEBIZBERENT — 2 PHFHEK 2 3
ARDBIFEIFEOTHD. X5, RT MVORTCEZRPT
ZEBRLKHENRT MVOMREE M EXE5NE 720, {HiH
FROHEIANBMZID ZEWHRETHDEEZILND.

BEEONY MUEFEIL, BRSFEUESTORAZ X
ZBEMTHY, 5HEZ DREIPHIND.
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