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Abstract

In this study, I learn how to build own Word2vec model and how to train it, and
compare own model with an existing model to see how you can create a better model in
terms of Spearman’s rank correlation coefficient. To train the model, skip-gram is used
with only nouns extracted from Japanese WordNet, and programming to find the distance
between words developed in this laboratory by WordNet. As a result of comparing
the model developed in this way with the existing models, it was discovered that skip-
gram models better than CBOW and better to create based on large data with a large
number of words. In addition, the developed model showed a high quality, but it became
insufficient because it was a model made only of nouns. In order to improve this, it is

necessary to learn other part of speech by additional learning.
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Figure 2.1 Structure of neural network.
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Figure 2.2 Threshold function.
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Figure 2.3 Sigmoid function.
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Figure 2.4 Rectifier function.
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Figure 3.1 Similarity calculation by distance and depth methods.
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Figure 3.2 Vector representaion.
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Figure 3.3 CBOW model.
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Figure 3.4 Network structure of CBOW model.
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Figure 3.5 Skip-Gram model.
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Figure 3.6 Network structure of Skip-Gram model.
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Figure 4.3 Program for making dictionary.
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Figure 4.4 Program for making model on Keras.

4.2.6 Keras TE> =TT IL%Z Word2vec lcEift

Word2vec DE 7 Vi3 Keras DE T)L & 3FIEDNE ), Word2vee DETIVIZ, =2 —
INFy FT7 =7 XD ROT, BIWEDEAZHGERT PV E LT =8 DTH 593,
Keras DETNVNE =2 —F 1V %y b7 =7 DGR TH S, Z D720, Keras TRD [N

JEoEAZKEZH L., Word2vec € 7LD katomodel Z 1ERK L 72,

4.2.7 HICHTWBEFILICDOWT
e chiVe
Sudachi DBAFEICTH % Works applications 232FH X 41, EINZEFEMFZEHT O HA
EY 27 a—n2 (NWIC) THEINLEFILTH S, EFILIE Skip-Gram T
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Figure 4.5 Program for converting into Word2vec model.

RSN TE D, RuBd 300 TH O, 7 —F DH 6 E EI2I3 Sudachi Z
LTw3, 9

o VT 4747 )L (WikiEntVec)
Wikipedia TEFN 2B I, EFIMIEEZ S L Skip-Gram TIERINTE D,
RICEUZ 100,200,300(AEEETIX 100 Z2fEH) THH. 705 HZITIE MeCab %
L T3,

e 2 1Y ¥ (Japanese Word2Vec Model Builder)

Wikipedia TE TNV Z¥FH X, ETNVIEEZ 5 CBOW TERINTED,

RIENE 50 TH D, 7 EHEEITIE MeCab 2 L T 5%,

4.2.8 ZFNETNOHEZAKEE Word2vec 7 )LD il

ERLCERL L 7 HASEE Word2vee €7V & fHICHTWw 2 €7V 3B chiVe, v
T4 T4 X7 bV (WikiEntVec), ¥ B ¥ ¥ (Japanese Word2Vec Model Builder) & TIZ
i, B, 4 E 9 L7 (1400 #l & 2145 1) 1k U OB & BEHUEE i /5 % gk
LT\ 2 HAGEHEEEIRIE - B 7 — 4 2 v b (JWSAN) Z2FIH L <. HAGE Word2vec
Dl &2 17> 72, B 71 777 A Cld, JWSAN 2B 1T 2 FHUUE & Word2vee DFHLLE
ZHI T 2720, WMEZEDAET < v DIEMHBIRE Z RO Tw5, A7~ DAL
BIfRE L X, T— 9 2 —EDIRTIRN /71T 5 2 &L T—EMEDT—% & LTI vl
W27 —8 LRET =Y TMRERT 727 — 803D > THHBEREORERICIZZIZ LS
IR E R S BB CH 2., RTOMFE G AR 1400 HEE, 2 TOMFE &AL
2145 HiGE, 4720 D 1096 HiGE, #3721 D 1576 HEED Z N D7 — % % i
LT, ZNZNDETNVOFMi %175 7o, REFRTHH I T2 e HARGE GRS
UL - BEEE T — % 2 v POV A P ERITRT,
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https://blog.hoxo-m.com/entry/2020/02/20/090000
RICHH Z T 2w gl 7a 77 A BEPN TS5 A P Z2RITRT,

https://github.com/shihono/evaluate_japanese_w2v
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FRR2 AT 7GR, TRIDO L I IR ERD 5 2 L 3TE 7, Figure 5.1, Figure 5.2,
Figure 5.3, Figure 54 3 ZNZFNDETF N Z AT 2B, ZNS5DETIVITIEEA
T WHEE (BERHEE) oz R L 7T 7 Tb b, Figure 5.1, Figure 5.2 245 &
katomodel DIHRHFED L TH L\ 2 LD HVLDDY, katomodel (#4721 TET L%
L Il AT S & G A EHE T — 8 2L TWw 270, HEHTEOKN
ETCHHORERE RS 2 L IIMRTH o, Figure 5.3, Figure 5.4 % A % &, FliT—
505 LFPNDMEFAZHIRL LML 2D, EOETFILTHERYEND L,
% CHERRHFED U HFEDOADFER L o, ZAlDARDOFHIT— 5 AT 2 2 &
T, KEBRTERLZET NV EBRGFEOET A2 E L THET 2 2 LKA
WS, DS TIRIBFDOET LV EDHKNTES LEZ NS,

R D Figure 5.5, Figure 5.6, Figure 5.7, Figure 5.8 T, Z 2N DOMBIEHli% 27,
JEIEERHM & 1k, HEERT &, Z OHEERT OB (0~1) TR I 1 -fH b % .

Figure 5.5, Figure 5.6 # % % & . katomodel 25 &5 5 DX T b FHBE AT E W 2 &
Wb, Tk, Figures.l, Figure 5.2 DFERD S BEHEN L L2 & LIS T
brEZoNS, ¥k o, FHIEIT 2 HEEHGESH> TV 5720, §Hlidd 135 &2
505, %7 chiVe DFELEFHDIEFDE TN OHT—FFE\ I LD > 7, chiVe
DYRFICHRBGEDI S\ 2 L1372\ D T katomodel & IE A ICKEBUEREi 23 < 7 2 B 23
brEEZOoND, BZAONHHAELT, ETVEERT ICHo>THEHLAZET
)V (Skip-Gram , COW) & HGEZHGF L CE T — B ELZ L C0wi EEZL6N5,
WikiEntVec &> 0¥ X¥DItE % %7 — %1%, Wikipedia & [Fl U TH % 23 Skip-Gram % F
AU TR L 72 WikiEntVec 23, > 0¥ ¥ X ) & B DR S AR & ko7, 72
U Skip-Gram TERK L 7z chiVe & WikiEntVec TI3IGT — ¥ BHAGEY = 7 a — S 2 %2 {fi
M LT % chiVe 23, WikiEntVec & ) & BLEFHIASE CRER & e o7e, TDTENS,
77 I A 5D 2 EDTE S Skip-Gram ZfH L., 7= 7284 & LT 100
R R E U COSE L 2 HAGE Y = 7 a— 2% 07— L LT L ZE T
727 OFERUEFAG AN > £ £ 2 50 B, Figure 5.6, Figure 5.7 DfER% & % & katomodel
MDD E T I XD HFELETHRDE ISR E o, 2D EH S, katomodel 1F5 7 %
M Z 5015 2 ED3TE 5 Skip-Gram ZHH L TE D, HAGE WordNet 2> & 4D
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Figure 5.1 Number of loss in 1400 words.
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Figure 5.2 Number of loss in 2145 words.
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Figure 5.3 Number of loss in 1096 words derived by eliminating the others than noun.
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Figure 5.4 Number of loss in 1576 words derived by eliminating the others than noun.
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Figure 5.5 Similarity(Spearman’s rank correlation coefficient) in 1400 words.
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Figure 5.6 Similarity(Spearman’s rank correlation coefficient) in 2145 words.
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Figure 5.7 Similarity(Spearman’s rank correlation coefficient) in 1096 words derived by

eliminating the others than noun.
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Figure 5.8 Similarity(Spearman’s rank correlation coefficient) in 1576 words derived by

eliminating the others than noun.
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