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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. In this method, two kinds
of distributed representations are generated, and generally, only one of them is actually used. On the other
hand, the improvement of semantic relation performance has been reported by using the word vector Wapp
generated by adding two kinds of distributed representations. However, in the experiment, other parameters
are tuned at the same time, and factors of the improvement are not clear. Moreover, it is unknown whether
the improvement of accuracy can be expected when W4 pp is applied to real tasks. Therefore, in this study,
we evaluate the semantic relation performance of distributed representations with analogy tasks and analyze
the cause of improvement of W4pp based on observational facts. In addition, we conduct a document
classification task using each distributed representation and report its usefulness.
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TLEPR L TENETNOSIER L EET 5. 728 21,
RICHEAS 100, 50, 300 D 3OS FEI 2 ER L7z L X,
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E Wour WL, Weone ZERT A, TOTEIIBW
T, Win & Wour DESZTWDLENETNOW#ME &
HLERZ MUVHPERENDL EZZ SN0, [FFICHK
HEAT.

4. EE

RETIE, K [6] TRMSNTWEFEEHVT, H
BT MVOMERERHE AT ) . 4 OHEENR S N ILOMERE
H#aedr) 28T, ZOBMMEEZHENIL, EF AT
B L 72O ROELZICFAT 5.

4.1 7FrA —42X7Y

TraY—F Ay LiE, HEENRY P VAL ORLE HEER
DERMBRELELZONTWDED2EFMTAHETH 5.
REERTIE, ~14 717 MDA L TWwb MSR Word
Relatedness Test Set *! & Google Analogy Test Set *2 % Jl
W7z, % 1 13 MSR Word Relatedness Test Set O FEfll T
H % . Category (TH.EEDhF, Relation (& H.EERH O RHR
14, Patterns Tested (ZHFEIIA G- SN 724 77, #Questions
37 A Mty ML, Example IZZNUCEEFNL—HFl2R L
Twhb, I, ZoFA My ML, CENRER
R & SO L 72 BiEEE v bATEF 8,000 Yy FEEMNTWA,

—77® Google Analogy Test Set (&, 397 BI4% (10,675
v b)) EEERARER 8,869y M) EA LT —
Yty M ThHY, 719544 Ly MEETNTV 5.

TFUY—F AL, Bz 2 HEEM ORI % )
LHEBEY, HETHLEEZLNL, 728 21E, [dog]
WAL CHB T A HEE HIFH L, [cat] % [dogs] % &
B ERE SR G ERRET 2N H 5. £
WXL CT7FurY—% 227 Tld, [dog:dogs cat:?] 1Zxf§
LM% L [cats] TH Y, [dog:bark cat:?| (ZxFd 5 [A[%
13 [meow] EIFIF—FIZPEENS.

4.2 FHEAE

(1)a:b, c:d &) BEREOHELY FThiEE, d
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*1 https://www.microsoft.com/en-us/research/project/
recurrent-neural-networks-for-language-processing/
*2 https://aclweb.org/aclwiki/Analogy_(State_of_the_art)
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% 1 MSR Word Relatedness Test Set.
Table 1 MSR Word Relatedness Test Set.

Category Relation Patterns Tested # Questions | Example
Adjectives | Base/Comparative JJ/JIR, JJR/JJ 1,000 good:better rough:___
Adjectives | Base/Superlative JJ/JIS, JIS/JJ 1,000 good:best rough:___
Adjectives | Comparative/Superlative JIR/JIS, JIS/JIR 1,000 better:best rougher:___
Nouns Singular/Plural NN/NNS, NNS/NN 1,000 year:years law:___
Nouns Non-possessive/Possessive NN/NN_POS, NN_POS/NN | 1,000 city:city’s bank:___
Verbs Base/Past VB/VBD, VBD/VB 1,000 see:saw return:___
Verbs Base/3rd Person Singular Present | VB/VBZ, VBZ/VB 1,000 see:sees return:___
Verbs Past/3rd Person Singular Present | VBD/VBZ, VBZ/VBD 1,000 saw:sees returned:___
— Wanp
20— Wy
—— Weonc
— W,
§ g 15 our
5 =]
o O
2 2 10
5
0
0 1 2 3 4 5
Top-n Top-n

2 HFERZ P LoMREE (MSR)
Fig. 2 Performance comparison of distributed representations
(MSR).
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FNTVLEEL Y NOBAIE, BN TEHEZTS.

4.3 Word2Vec FEE M

Word2Vec O 121%, H55E Wikipedia & iV 72, $7-,
HHE/XT X =513, window = 5, size = 300, negative =5
& L7z Twindow] &, FIRRTHEEZEEIT— % &3 5%
RIRETAA TV a v, [sizel 1&, BT HHFERZ b
DRI =IRET A4 T 3 v, [negative] 1£, Negative
Sampling DY > 7)) ¥ T EIRET HA T a s Thb.
Word2Vec @ %213 Python @ gensim 7 1 7 7 1) % i i
L, 72, Wour &7 4771 N synlneg |ZfRAF ST
WLHHDEFW.

4.4 EERER

2, 312, TNEFhor—%ty MIBIFATF
Oy —% A7 DR, 40, FHiTE WHEiEL Y
FEBrwio e A, AT RE 4 Ak v M Eid, MSR T
136,820 v I, Google TIX 18,682 tv M&Zzo7z, £
72, GOEMICHELHE @, b, CITHST2b0) &
R 5BA L CT\wb . Top-n i, EATHGEF CHF
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3 HFRNZ MV OTEREE (Google)
Fig. 3 Performance comparison of distributed representations
(Google).
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RN VL, L2 VAT b X ) ICIEH EL Tw
b. F72, Word2Vec I ¥ ¥ ok fRFEL T 5%
7280, FEERTIE 5 TP TOMREZIRL T 5.

2, 3 &0, BEX Wour < Weone < Win <
Wapp EWVIBERIC G > T WA I EPERTES.
Wour < Wiy DEFRIE, Press 5 [20] 12 BV TRE S
NTHY, Word2Vec TREHEMIZ Wiy ZFIHA L TWEHE
HD12E vz b, T2, Wapp BHERD Win L0 b3
MCTHAHIEDPHRTE. ZOBREIS, HHEIHOE
BREERRIEREDIM I X Y, ooy 2 7 1ol L72GE1c s
Wb, Wapp PHEDI EICES T 2 WSV EF
AbND, RigL T, 5FICBVWT, EBIIGESHEY
AT IEH L7288 ORI 2179 .

$72, Weone &, Wiy & Wour OHZH## L TH
D, RO Wiy L) DBEIENZ EIFERTEL, 2
L, Weone 5 Win, Wour Z & DEMEBRD &5 2
FOENEFH LR MV TnhEEZ LN,
Wapp @ &9 URER RIZHIFFCE R Lo /.

ZEETIS, HENRNTA—FEERLBOREELR 2 12
RY. B, 22T, MSRIZBWC Topn=10& &
D, 1870 OEEZFRL TS, T2, wlid window,
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K2 KNFA=FIIBTHLTFIY—% A2 (MSR, Topn=1)
Table 2 Analogy task in each parameter (MSR, Top-n = 1).

each parameter(w,n,s) | (5,5,300) (10,5,300) (15,5,300) (5,10,300) (5,15,300) (5,5,100) (5,5,200)
Win[%] 7.79 7.87 8.03 7.52 7.60 4.62 7.01
Wour|%] 5.85 5.67 5.72 6.11 6.48 3.24 5.28
Weonc %) 6.84 6.92 6.89 6.73 7.10 3.96 6.04
Wapp %) 9.85 9.99 9.91 9.43 9.25 7.16 9.55

F 3 KHIENZ MVIIBITS Cos HEFY

Table 3 Cosine similarity in each word vector.

X7 MV | Win
Cos ML 0.16

Wabp
0.052

Wour Wceonc
0.21 0.19

& 4 W EAHGERT OHGE-3ER

Table 4 Word coincidence rate of inner product of word pair.

Top-n | Match rate [%]
1 91.2
2 94.2
3 95.1

n X negative, s13 size D/NT A= EFLTn5E, £ 2
IV, $RTONTA=5I2BVT, HEIF ERoER
(Wour < Weone < Wiy < Wapp) ZfERLTWw5 2
EDHEER T E L, HWEB L ICA DL L, Wiy 1 window
2, Wour & Wapp 13 negative \AKGEDHERTE 5. F
72, size |2 LTIE, EORHFEBUICHE VT LHIRRD
R TE 5.

4.5 ER

Wapp ORER FOREREEZERET L2012, e DR7
N VZERICOHEEN Y NV OMEEIZIER L2 ER %47 -
7o 7, ERBREREO B WHEENR Y PLIE LY, fHEE
EDORXPINHBRE CTH L EEZ LT ENTEL, TN, N
7 MNVZERM ETOHEDEN ) BAZNLZ L, $hbb,
HEENRZ MV OAEORE S2H{ll5 2 & CTHRINITEETH
hr#zbhb, #2C, 7HuY—%2A% (MSR) TH
W7 930 BFEA R E L, TNENOHENT ML THEY
NIZEBHEFENRY MVEO Cos PELZZL L, ZD
iz RD7-. T 312, #ERERT. Cos FUE DTl
iE, L/hSni3E, BEX7 MVEOAENIREWI L
BIRLTBY, X7 MVEREZRKE ML TWSHEE
N7 MTHELEEEZLNL., 3 L0, SEOR/NEER
ET7Fu Y =5 A7 ORROKRNERE—FH L TnB I L
PHERRTE B, T LD, HEEXRZ ML OEKBIRERE
CHFENY MVEAEOKRE SIIEEELRERSH L 2 L
MR END. F72, Wapp I22WTH, HIERY FLE
) LOBEMRI XIS LR T hofaZ LAY, BN
BN ELZERDO 1 Dol EZ NS,

RIZ, Wapp DEFRN (3) £, EWREE L BUER L,
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£ 5 Topn=1IIBJ%A Wiy & Wour OF¥HNEHE
Table 5 Average product between Win & Wouyr in

Top-n = 1.
Rank | Cos_sim
1 0.32
2 0.17
3 0.13

®6 NHHET—yLv b

Table 6 Dataset for classification.

F—4%+tv b XEBE IR CTHHREY
livedoor 7,367 9 587.4
Reuters 21578 | 7,674 8 102.4

Wapp DR EIT- 72, 4, HEEXZ PLVORE 31T 1 &
LTWh720, ft(él) X, Wapp W7o EE A
71§ L FMEHEE d O Cos EMEAELTWA.

Cos_sim = Yapp - dapp (4)

= (7in + Yout) - (din + dour) (5)

— —
= (y1~n - din + Jout - douT)

_— —
+ 7~ - dour + Jout - din (6)

ik, K (6) DE1HIZ, Wiy & Wopr TNENT
TIaT =Y AT AT o IER AT AHTH L &
ELRDIENTESL, 2F), H1HOALTERE LY
&, Wapp H Win OMEE% L% 2 EIIRTEETH 5 72
O, F) QWD Wapp OHREDE S IZHG LTS vz
B, MAT, 82H, % 3IHIZ, EWEHEN g & M
RN MV EDOHEEAVWERL TSI LGNS, £
7z, Mitra & [21] 12L& 0, Wiy & Wour OWREEZ EH L
7O LA AT RFA—HETH S (dogry & catour £V
b, dogin & dogour PPIREDAEAK & ) MHEFIAHER S h
TWh., 22T, REBRTHWGHER LT, FiE
DWEREAT 72, ZORRER 4 1TRT. F 41, Wiy
& Wour OWNFE LR HEFERTICBIT A —HiEL > 7
HEERT OHE &G %R L TWA. Top-n l& EATHEEE T
BYLhERTNTA=FITHA.

F4 XY, EBICW Ny & Wopr ONFEE 2 HH L 721
Ol LR T7IE, F—HETH LI LN L DHRT
&h. T, ®51E, #£412BWT, Topn=10DIKEEIC
BUS Wiy & Woyr OFHNFEMEZFRL TWA, Rank
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RT KTy MIBU L LEGEEE

Table 7 Document classification accuracy in each dataset.

F=%+tv b (FEaT—IA) | livedoor (Wiki)

livedoor (%87 —%)

2535

Reuters (Wiki)  Reuters (%#%7—%)

Win (SVM) [%]
Wour (SVM) [%]
Weone (SVM) (%] 87.38(£0.14)
Wapp (SVM) [%] 87.36(£0.099)
Win (CNN) [%] — —
Wapp (CNN) [%] — -

87.11(40.091)
87.11(£0.10)

91.41(40.077)
91.48(40.035)
91.78(40.072)
92.78(+0.074)

94.39(+0.062)
94.25(+0.058)
94.45(+0.025)  96.20(40.089)
94.98(+£0.060)  96.64(+0.053)
— 95.83(40.12)
— 96.05(=£0.14)

96.20(40.095)
96.10(40.057)

BNFREMEORNEA > T v 7 AThb. £ -T, Rank 1 (X[
—HFEE ) LOWNBEOFHEZELTWE. £5 L1,
[ —HFEE ) LONREE, eI TRELTwE e
Worhbh. ZOBMNFREZEZET S L, KX (6) DFE2H,
553 IEIX, SEROERICHIEZ A ANA T AETH D &
ELRLIENTEDL, 2%, Win, T2 Wour 128
W, §AEMREFENZ MVIZEM L 2R TH 254,
(6) D42 H, T35 3HEICL VM AEARDN D572
O, Wapp & Win & Wour TNENDOSHEROMA %
FHTAZET, EOMLEZERLTWLEELZOLND,

5. IIE~NY ML W aDD DERZRIXIANDICH

KETIE, 4B TRLIZEADDHERBREESY 27~k
H L2, HBENOEME W - MEES 5. HERAFE [13]
T, TEHERIBROBELRBRICERSEIrNTBY, %
By 27 15EWET VNS L7-BoREILEIZIThbh
TWiw, 22T, CEGEHY A7 IZBI A BEO K%
1192 &T, Wapp DEMMEEMEEL, F72, FEERHD
EORBIRIERE & OB EIC OV TELET 5.

LESEEL, G2ONLELTDHONLOED LI
7 IFGADNTNDIIHHET A ETHAH, I, A4
A= VaHERe Web ReSi 7% IR ERfLE TV S
SEHEHDICHAB & LT, SHEREZ EOR ML L2
HOBTENRE SN TVD, HHERIC SVM W TF
HETIE, CENBBHEEOHFEXY ML E Hv, e
N7 PVTLHENT PV EERL, THGEORHEL LT
FIFI LT3 [22], [23]. F7- Kim [24] 1, CEZ HEN 7
MVD2RTE~ M) 7 AL L5245 ET, CNN O/
ZUREE LT REL L. AERTIE, Ih
50JiEE T SVM & CNN @ 2 ffi & 9235 | 7.

5.2 DFEMRT—42tv b

4ETIE, 7=ty FOHE L, HFEI—/XADAKAT
DEE#IT- 7. KEBRTIE, HARELEEOFT -V Ly
FEFIHT 52 LT, SREOEVIINT S Wapp OFEAI
REE ARGS9 5. ERTHEHALSENSLT -5y M &
£ 6 2”7, livedoor =2 — AT — X AZHAKED T F A
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NF—=%thoTBY, 27 A 3P Fya—F
LCTHHTE 4. F72, Reuters 21578 [FHFED T F X k
T—F Lo TRY, LHL[25] DEZD Y = 7 A My
L% yu—FNLTHHTE5.

5.3 Word2Vec #& 1—/¥X

Word2Vec D8 a2 — /8 221, HAGE Wikipedia & 3%
iE Wikipedia, 512, £7 -5ty FO¥ET—5 %
W7 SHUCED, T—NAOBWIZ L AT L E
Wk Z RS 5.

5.4 o83k

HEZRIZIE SVM & CNN % w72, SVM i3 RBF 7 —
FVEHG, NAIN=XFGA=F C L~ I1Z7 )y FY—F
THE L, T/, Fm e 35 L/ENY bViE, EN
IHHFEOIEFI X7 PVEFIHL, L2 2 VA 1127
HEHWCIEHIL L. 72, CNN ZHW A4, &S
BT B HEEED R D20, MBHERDSTRAKDOL
FIZADYE, 0374 V7§62 TEELRHA. £
72, BAAAETIE 1-gram, 2-gram, 3-gram (ZX30$ %
TANY EHW, fHRET—0 ST,

5.5 EERER

5.5.1 7FOJ—&XT7ENENFEEDORENR
RTIZ, 7%ty b&, Word2Vec 578 I — /3 X
Bz, fll4 OHFENZ MV EROWTCESE 1T - 2O
SRR R RT. REBTIE, 5 0ERERGEE T - 7.
%72, Word2Vec DWHME S > ¥ 22 %8G L, 82—
78 A % Wikipedia D351 5 347, FEHT— 7 OE1L
10 RAT4TV, TR EFNOPIME L EERAEEZFRL TV
5. B, FH - NZAPHEGED Wikipedia D34 O 55
BEBL, AECTERLDHERL2ZOFEFRHL TV
B WM 43 Ei L [FRET, window =5, size = 300,
negative =5 & L7z, 72721, CNN # JlW72533ETi&, ~
T UMREDERE L, size =100 & L7z, F 72, HHAEEL,
TAMLEICGLTELLGHEINEHELEERL TS,
%3, CNN ZH\W\W-EBTIE, ~ ¥ VR0 eE, %

*3  https://www.rondhuit.com/download.html
*4 http://web.ist.utl.pt/acardoso/datasets/
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B 55555 (livedoor, size = 100)

Table 8 Classification accuracy in each parameter (livedoor, size = 100).

livedoor w=5n=5 w=10,n=5 w=15n=5 |w=56pn=10 w=10,n=10 w=15n=10|w=5n=15 w=10n=15 w=15n=15
Win (%] 90.48(+0.082) 91.39(£0.16)  91.93(£0.10) | 89.95(£0.11)  90.93(£0.092)  91.43(£0.097) | 89.63(£0.10)  90.62(£0.33)  91.18(+0.074)
Wour[%] | 90.61(£0.073) 91.15(+0.11)  91.46(40.076) | 90.14(£0.13) ~ 90.63(£0.14)  90.98(£0.074) | 89.85(£0.13)  90.20(40.26))  90.51(40.085)
Weone[%] | 91.01(£0.096)  91.70(+0.12)  92.07(40.074) | 90.66(+£0.063) 91.19(£0.12)  91.62(£0.097) | 90.45(+£0.11)  90.92(+0.31)  91.40(£0.089)
Wapp|%] | 92.18(£0.087) 92.79(+£0.10)  93.11(£0.11) | 92.14(£0.052) 92.63(+0.11)  92.97(£0.10) | 92.02(£0.065) 92.55(+0.21)  92.91(£0.065)
£ 9 KT A=FIIBITB5HERE (livedoor, size = 200)
Table 9 Classification accuracy in each parameter (livedoor, size = 200).
livedoor w=5n=5 w=10,n=5 w=15n=5 |w=5n=10 w=10n=10 w=15n=10|w=5n=15 w=10,n=15 w=15n=15
Win|[%) 91.15(£0.097)  92.01(£0.092) 92.34(£0.11) | 90.74(£0.12) ~ 91.61(£0.12)  91.95(£0.095) | 90.39(£0.10)  91.32(4+0.098)  91.72(+0.14)
Wour|%] | 91.16(£0.099) 91.55(£0.11)  91.76(£0.077) | 90.78(£0.097) 91.13(£0.092)  91.40(£0.11) | 90.51(£0.13) ~ 90.86(£0.067)) 91.05(40.090)
Weone[%] | 91.55(£0.077)  92.12(£0.10)  92.43(£0.054) | 91.28(£0.056) 91.75(£0.070)  92.02(£0.099) | 91.02(£0.072) 91.50(£0.073)  91.74(+0.078)
Wapp[%] | 92.60(£0.078) 93.13(£0.055) 93.38(£0.077) | 92.58(+0.054) 93.08(£0.066) 93.38(+0.073) | 92.56(+0.058) 93.09(£0.095)  93.34(+0.093)
£ 10 %87 XA =5 12BT 25 4E (livedoor, size = 300)
Table 10 Classification accuracy in each parameter (livedoor, size = 300).
livedoor w=55n=5 w=10n=5 w=15n=5 |w=>5n=10 w=10n=10 w=15n=10|w=5n=15 w=10n=15 w=15n=15
Win[%] 91.38(£0.094)  92.32(£0.066) 92.65(£0.069) | 91.11(£0.12)  91.87(£0.062)  92.19(£0.093) | 90.77(£0.080) 91.72(£0.12)  92.00(%0.077)
Wour[%] | 91.39(£0.081) 91.80(£0.079) 91.96(£0.082) | 91.10(£0.073) 91.41(£0.086)  91.70(£0.083) | 90.88(£0.10)  91.20(£0.086)) 91.39(+0.093)
Weone[%] | 91.81(£0.056)  92.30(£0.061) 92.67(£0 .069) | 91.50(+0.086)  92.00(£0.078)  92.24(+0.088) | 91.29(£0.090) 91.77(£0.10)  92.00(+0.059)
Wapp[%] | 92.79(£0.054) 93.25(£0.070) 93.53(£0.062) | 93.53(+0.093) 93.30(£0.042)  93.51(£0.042) | 92.72(£0.085) 93.22(£0.092)  93.46(+0.062)

L72EBRP AT L7280, FNHIIEMTHIRRL TS,

T XY, SHEOECUKGEET, Wapp V723
BORERED, RO Wiy LD AEHNZ ENFHERTE 5.
ING 2MOSBHERIH LT, AT2—TY Ot RE
(ZELETZEL, a=0.05/4=0.0125) zffo7-tZ
5, KT =%ty MIBWTHEHUA BEEDHER SN
(livedoor (Wiki), livedoor (5278 7 — %), Reuters (Wiki),
Reuters (FFE 7 — %) 1220\ T, £ p=3.18%103,
257« 107, 2.22%107°, 3.30x1071)., ZoOfERE LD,
TFOAT—=FAIIBWT, EMREREROE Y Wapp
FESAZIENT A LT, BEOMLESHETES &
W2 A, F70, HERZ N VOEKRBEBERESE W T,
LEANY PVEERTABICCEE L) RIS T S
CEDPWEETH L EEZ LN, EBITHEEOR LICES L
mbEZONSL. E51Z, Reuters (Wiki) OFFRIZB W
T, WE® Wour < Wiy < Wapp £7%2->TBY, 77
0y —4% A7 |\28B 5 HFENT PV ERERMERE & —3

LTWAZEDRThb.

Word2Vec DFE 2 — /S ADENFEHT L L, FHa—
IS A % Wikipedia 75538 57— % (a2 —A%FH) 1275
LT, AEMITEENINELTWE Z WG nb. T
X, PEHROT =Y ICFEEI—NAE T4 v T A VT
52 LT, UEMRAOHEESCEI L E Lokl 2
BTBHIEDPUREEELRY, BEDOMEEZERLIZEEZLD
N5, LoT, PEHOTF—s DAY, =a— Ak
EDa—IXA % Word2Vec DFFHICFIHT A2 LT, €56
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BRSO S CE S, F2, MR E CNN
WEEL-HAEIIBWTY, 3k Wiy x Hwiiha L
RE LT, Wapp 20 HZRICHVE Z & T, SHEBED
M EAPHRETEL., IhED, THIBEOEWVIIHLTD
Wapp BAMICE L T EATRE S NG, 7272, KEDHT
IESVM 12> TWna 2 ¥ bh. KHINE LT, Rtk
DENHPEZSENDL. 272 L IOV TIE, XF A —%
REDF 22— T % TAHIET, E5LRLBEDON LN
Wk b EBbI .

5.5.2 HINT A —RIZH T DERELESE:

RIZ, BIXT A= DENI X BEEENOEBE R
5. &8, X9, K10 IF, livedoor =2 — AT —%
ANTH LT, T A =8 2 ZAL S B OGHBETH
& 11, 3+ 12, F 13 1%, Reuters 21578 IZxf LT, /¥F
A= AL SO EREETH 5. Word2Vec D
B2, pEHT-5 2y FOFE TS EFHAL TV,

9, BOHEHOBENIEHT A, Wapp EZ0MO
SEEBIH LT, 89 XA =¥ DELIZE 5F, Dhillk
LBEWSHERBEL o TWA I EAHATEXL., Ik,
Wapp \EXESHE Y A 71281 A2F M ED BV & Wz
L. UL, 44EORERE L TBY, SHEHOERK
MARMEREOM EIZ XY, oy 27 I8l LzaicBw»
Th, Wapp PREEOM EICESGT LI EREN. F
72, Wour 1& Wiy 123 LT, ZJESHE DM\ AT A
Ws. 2, 448OHE2S, EWRBERIERED ISR
WTzBbDTHALEEZLNL. NZT, Weone 1& Wiy
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R 11 K87 A= FIIBIFB5HHEE (Reuters, size = 100)

Table 11 Classification accuracy in each parameter (Rueters, size = 100).

Reuters w=5n=5 w=10n=5 w=15,n=5|w=5n=10 w=10n=10 w=15,n=10 | w=5,n=15 w=10n=15 w=15n=15
Win (%) 95.97(+0.061)  96.02(£0.071) 96.06(£0.060) | 95.83(£0.055) 96.00(£0.080)  96.07(£0.13) | 95.73(£0.054) 95.98(£0.10)  95.99(£0.15)
Wour(%] | 95.88(£0.048) 95.88(40.055) 95.68(+0.050) | 95.68(£0.11)  95.70(£0.052)  95.72(£0.11) | 95.59(£0.099) 95.60(40.057)  95.60(40.13)
Weone|%] | 95.94(£0.047)  95.96(40.043)  95.76(+0.053) | 95.76(£0.096) 95.86(+0.085)  95.89(£0.079) | 95.68(+0.079) 95.75(40.077)  95.75(40.15)
Wapp[%] | 96.48(£0.069) 96.69(£0.074) 96.54(40.080) | 96.54(£0.073) 96.75(£0.069)  96.83(+0.11) | 96.52(£0.068) 96.77(+0.065)  96.81(£0.11)
TR 12 KXT A—=FIIBITA5FEE (Reuters, size = 200)
Table 12 Classification accuracy in each parameter (Rueters, size = 200).
Reuters w=5n=5 w=10n=5 w=15n=5|w=5n=10 w=10,n=10 w=15n=10|w=5n=15 w=10n=15 w=15n=15
Win|[%] 96.15(£0.068)  96.16(£0.081)  96.16(40.054) | 95.99(£0.059) 96.02(£0.046)  96.05(£0.028) | 95.93(£0.045) 95.99(+0.050)  96.00(£0.032)
Wour|%] | 95.98(£0.090) 95.99(£0.085) 95.93(40.040) | 95.78(£0.060) 95.70(£0.033)  95.67(£0.045) | 95.69(£0.038) 95.59(+0.052)  95.55(£0.034)
Weone[%] | 96.13(£0.061)  96.10(£0.053)  96.09(£0.048) | 95.89(£0.057) 95.87(£0.052)  95.86(£0.047) | 95.82(£0.034) 95.75(4+0.025)  95.73(4+0.031)
Wapp[%] | 96.55(£0.039) 96.74(+0.044) 96.84(+0.052) | 96.60(£0.023) 96.73(£0.056)  96.87(£0.039) | 96.58(+0.057) 96.77(4+0.039)  96.84(40.037)
£ 13 FNT XA =518 55 % (Reuters, size = 300)
Table 13 Classification accuracy in each parameter (Rueters, size = 300).
Reuters w=5n=5 w=10n=5 w=15,n=5|w=5n=10 w=10n=10 w=15n=10 | w=5,n=15 w=10n=15 w=15n=15
Win|[%] 96.20(£0.095)  96.30(£0.11)  96.39(%0.075) | 96.09(£0.084) 96.27(£0.098)  96.35(40.089) | 96.04(£0.057) 96.09(£0.049)  96.33(£0.13)
Wour[%] | 96.10(£0.057) 96.18(£0.10)  96.25(£0.11) | 95.92(£0.091) 96.01(£0.096)  95.97(£0.10) | 95.79(£0.062) 95.65(4+0.046)  95.89(+0.16)
Weone|%] | 96.20(£0.089)  96.23(£0.090)  96.31(£0.062) | 95.98(£0.077) 96.15(+£0.088)  96.21(£0.086) | 95.92(£0.054) 95.85(4+0.042)  96.09(40.15)
Wapp(%] | 96.64(£0.053) 96.89(+0.12)  97.06(£0.11) | 96.67(£0.064) 96.98(+£0.087)  97.08(£0.080) | 96.68(+0.089) 96.82(+0.032)  97.08(+0.13)
2k LT, HAFED livedoor TIXHREEDH {, HEFED PR DB 21T\, € DR 2 BRI FE 2 Fw T

Reuters T340k E SR WEMDFHEZRTE 5. Weone
&, RICBHPMOSEFRED 2155 5 SIEMNERD 5
B, BEREIRMEREDH TIEH > Tnb. LoT, 5HTS
DT — Y ORI LY, BEOBESHPELT A LDELE
bbb,

KIZ, XT A —=F DENITHEHT A, window & size i,
RKEL B BITE, HFEREEDN L T2 EAAER T &
5. window lTKREL AT E, Word2Vee F R, ¥ —
7y N OHFEIIT B IERHREOHDILA L 720, i
TEHIC & ) BEEOERZFE T 5 DIV OLEEZLNL.
F77, size lIKEL L AHIIE, HFEORBEN ST 472
W, WERZ MV X DEENICERT L 2 ENTE, SHER
FEomLIZFEGSLTWwWALEEZ NS, LA L, £2 T,
DL BRI hd b 2 E PR TS R, g,
FER A= NADECRRAITRBOD 5 SITER L Tw A ]
BEHESH L EEZOND. F72, Win, Wour, Weonc
TlX, negative BKEL 512 L, HHBEMETLTWY
LIBMADSHERTE A, —J T, Wuapp T, negative D5
BLILALZTTCOWRWI LD 5E. ZHUE, Wapp
TlX, negative DINT A — 5 &ZEET HLEWD BN &

EEREL, FEFRFICBWTAY Y hERDIBESD.

6. F&&b

AFLTIE, Word2Vec 12515 %, MHETHE~RY L
Wapp WCHEEEUT, 770V =5 A7 % v CEKE
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fiofz. F72, fERTRMFEEN T o FEY A7
BUFE Wapp OEREEZRT /20, LHGEI A7 %
WTHEE DM 21TV, M OWTER LA EHRLY,
Wapp FEMRERMERE DM E & G EBEE oM EICE
B9 A EARERR SNz, SIS XD, FEERBARMERE & 3
EHFAEE L ORISR TE, LRSS A7 D
W7 T)r—a iZBWTH, Wapp AR <
WM EWEEZ BND, 2771, XT X —FDHEE
V239 5 BIRBIRIERE O S OB WOMEY, LT LLZ
DEFLEGHIAZIZBVTORBEDBH S DENIIHT
BE o TVRWEEN—EEET 5 2 LR TE 2.
12, Wapp IZ22WTIE, negative DBE% 1T 12 < W ETA]
WHDIEMS, INTA—=FF 12— FiEh 5 DRy
WHEETHELEEZOLND.

Wapp DERIZIE Wiy & Woyr DRLETH BD, £
NOIX 1 EOFHTHEIFICERS NS 72D, Wapp DA
A NIEDLOTEMTHSL., 2%, HAFOGHEHET
BHIHHT A ENWEETH ) 2h s, HEON LS
BTELENLFETHLEVZ L, HEEONY P VIETE
BE, BARSHELHESTORRE L2 LHMTHY, 4%
FTETORENSHFEING.

SENH
[1]

Golson, S.: One-hot state machine design for FPGAs,
3rd PLD Design Conference, pp.1-6 (1993).

30



2]

3]

[4]

(6]

[7]

8]

[9]

[10]

[11]

[12]

[13]

[14]
[15]
[16]

[17]

[18]

[19]

[20]

Sivic, J. and Zisserman, A.: Efficient Visual Search of
Videos Cast as Text Retrieval, IEEE Trans. Pattern
Analysis and Machine Intelligence (TPAMI), Vol.31,
No.4, pp.591-606 (2009).

Deerwester, S., Dumais, S., Furnas, G., Landauer, T.
and Harshman, R.: Indexing by Latent Semantic Anal-
ysis, Journal of the American Society for Information
Science, Vol.41, No.6, pp.391-407 (1990).

Blei, D., Ng, A. and Jordan, M.: Latent Dirichlet Al-
location, The Journal of Machine Learning Research,
Vol.3, pp.993-1022 (2014).

Maas, A. and Ng, A.: A Probabilistic Model for Semantic
Word Vectors, NIPS 2010 Workshop on Deep Learning
and Unsupervised Feature Learning (2010).

Mikolov, T., Yih, W. and Zweig, G.: Linguistic Regulari-
ties in Continuous Space Word Representations, NAACL
HLT (2013).

Mikolov, T., Chen, K., Corrado, G. and Dean, J.: Ef-
ficient Estimation of Word Representations in Vector
Space, Proc. ICLR Workshops Track (2013).

Xue, B., Fu, C. and Shaobin, Z.: A Study on Sen-
timent Computing and Classification of Sina Weibo
with Word2vec, Proc. IEEE International Congress on
the Big Data (BigData Congress), pp.358-363, IEEE
(2014).

Ma, L. and Zhang, Y.: Using Word2Vec to process big
text data, 2015 IEEE International Conference on Big
Data (Big Data), pp.2895-2897 (2015).

Ju, R., Zhou, P., Li, C. and Liu, L.: An Efficient Method
for Document Categorization Based on Word2vec and
Latent Semantic Analysis, Proc. IEEE International
Conference on Computer and Information Technology;
Ubiquitous Computing and Communications; Depend-
able Autonomic and Secure Computing; Pervasive In-
telligence and Computing, pp.2276-2283, IEEE (2015).
Sien, S.: Adapting word2vec to Named Entity Recogni-
tion, Proc. Nordic Conference of Computational Lin-
guistics (2015).

Pennington, J., Socher, R. and Manning, C.: GloVe:
Global Vectors for Word Representation, Proc. Empiri-
cial Methods in Natural Language Processing (EMNLP
2014), No.12, pp.1532-1543 (2014).

Levy, O., Goldberg, Y. and Dagan, I.: Improving Dis-
tributional Similarity with lessons Learned from Word
Embeddings, TACL, No.3, pp.211-225 (2015).

Harris, Z.: Distributional Structure, Word, 10, pp.140—
162 (1954).

Rong, X.: Word2vec Parameter Learning Explained,
arXiv preprint arXiv:1411.2738 (2014).

Le, Q. and Mikolov, T.: Distributed Representations of
Sentences and Documents, Proc. ICML (2014).

Moody, C.: Mixing Dirichlet Topic Models and
Word Embeddings to Make LDA2vec, arXiv preprint
arXiv:1605.02019 (2016).

Peters, M., Neumann, M., Iyyer, M., Gardner, M., Clark,
C., Lee, K. and Zettlemoyer, L.: Deep Contextualized
Word Representations, Proc. NAACL (2018).

Yin, W. and Schutze, H.: Learning Word Meta-
embeddings, Proc. 54th Annual Meeting of the Asso-
ciation for Computational Linguistics (Volume 1: Long
Papers), Berlin, Germany, pp.1351-1360, Association
for Computational Linguistics (2016).

Press, O. and Wolf, L.: Using the Output Embedding
to Improve Language Models, Proc. 15th Conference of
the European Chapter of the Association for Computa-

© 2019 Information Processing Society of Japan

HEEFIELEGA Vol.12 No.d 23-31 (Mar. 2019)

tional Linguistics, Volume 2, Short Papers, Valencia,
Spain, pp.157-163 (2017).

[21] Mitra, B., Nalisnick, E., Craswell, N. and Caruana, R.:
A Dual Embedding Space Model for Document Ranking,
CoRR abs/1602.01137 (2016).

[22] Liu, R., Wang, D. and Xing, C.: Document Classification
Based on Word Vectors, ISCSLP ’1/ (2014).

[23] Xing, C., Wang, D. and Zhang, X.: Document Classifica-
tion with Distributions of Word Vectors, Signal and In-
formation Processing Association Annual Summit and
Conference (APSIPA), pp.1-5 (2014).

[24] Kim, Y.: Convolutional Neural Networks for Sentence
Classification, Proc. EMNLP (2015).

[25] Cardoso-Cachopo, A.: Improving Methods for Single-
label Text Categorization, PAD Thesis, Instituto Supe-
rior Tecnico, Universidade Tecnica de Lisboa (2007).

AHE 1§+

2018 4 3 A% HE R LA HERE
T AR A E. 4R 4 AR
s R A R e v S e
- BfE THAE U A, BEICES.
F & LTHARSHERIIZET AW
fEd. ANTLHIREY %, IEEE £&8.

(FHEZE)

I K5h

1997 444 B K KA bt 1 3 A5
T.REH) T F VDT RFEIN—
L=V 7 har¥a—51 v 7H5e
i BFgE . 1998 4E = E K T4
BT, 2005 AEA R KT L
FHEZEFE COE FRTAEHIZ. 2006 4F
10 A AWrgekbdesdz, LIRS, FLL TV 7 hay
Ya—5 1 7 Z0MICET A2 0tH. it (T
). IEEE, AT eSS, HAMBENR Y 7 ¥ 1 7%,

LRI RS2 RS XA,

(IE%R)

L

1985 4E 44 R SE R B T A2 Fe Rt
BERIREEAATRE T, T8
it 2004 4 ERFRFRE T
WEFERFET S oA B, BUEICE

\m‘ _A,
ol «
& L. VT NaAYCa—F 40, bk

T4 P9I hESE. 1996 4£ H

K77 V4 FEETHZE. [EEE, BARMEHET 7 1
o, WREEFOERN.

31



