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A SCCILIEAE S BT D FEIBGE S D # A 71Tkt LT, CEICHT 2 B~ Mz
FHAEHLETHIAT A2 FEE2IRSE L. Amazon Dataset O8N books, dvd, music @ 3 D%
FIF LT, & 610 OfEEGE)SFEMFRIC L > TR 7 hUIZ X DG IS Ok
ATV, EOBLEELIRRD,

HARSFHLIRD L K DX A7 \ZB\WT, Hifid D 578 OFIENRKRE R Z I T
Do T2 LEBOICHSGE CIXFEIE 727 —F 0y — Rk S &, fifrkis s 72
DT —HDOH =Gy NMEIR T BRRDHZENZN, ZOHE, K S TEE X0
B NGEIEE T CIXANTHEEE Lavy, B2 IXEE 2T TIE “books” ICET AL E =
— O positive/negative | iE & 7E Lo fHgnS “dvd” I1ZB7 5 L B 2 —>® positive/nega-
tive &9 F HETERV, ZhE Domain Shift & FHIN LM TH Y . Z OREEICKT
BT 2% 7 8O D FEIGE Jis DWFFEDS TR FE AT A0 T 2 SEIGE T3 ER & 72 & A 7 D
BRFEET 2720, ZOFIELZILITOI 503, BAESHTIC Y A7 ZRRiuE, ik S
DT —H LFE T OF — 4 % shared feature subspace |2~ 735 FENHF I THD

(Anders Segaard, 2013)

FEIBOE I TRk % 72 2 A T ORIENHES D720, TOFESZIITDT= 278, &G
IIATICZ A7 ZBRAUT, fElk S OF —& L T D7 — & % shared feature subspace W
I~y T THFENE N TH D, 22 W T8 LB %47 213 Domain Shift o[
W Z B, BT W OMETTIETH S, REFRFZEE MMD  (Borgwardt et al.,
2006) ToH V| TEFREFEEHZFM L FELZERE SN TWDS (Patel etal 2015
)o

KmLTIELA A7 G LT D, ZOHRE. T—2I3LFEROT W 2 FEOH
WIABHRBLDZERITERET D, ETLELARKITZERITHOIAT FEELE LTH N D0
DTFIENH DN, FEIKE D 72RO ZERNED ik 4 7o fEIGHE S I T KL T & DB — DDA
HFEFFELRY, T T I TRLEOMDIAAFILEZMAGDETHAT S Z &
PRI D, BRI SCEOHDIAZLTIEL LT doc2vee (Lau and Baldwin, 2016) &
R RAE R LA At D, LEd % doc2vec ERFRMESMEAZFIHLC, T2l
WIAHZFEL e & g \TEMT D, d O bag-of-words DET /WML DHT hLE v L L
7ol &, WENDHEGOTFETITREANZ MLeE LT v HWLND, AFETIE v
DRI, EFL 3 2O MVEEFE LT [vie:g] S~ ML LTHWD,

SR TlE Amazon Dataset ##/H L 72, Amazon Dataset DfE!E books, dvd, music @ 3
S&FIH LT, FF 618V @ Domain Shift #FX7, 4 Domain Shift TIEfER%ZRKD, %
IO FHMEIZ K-> TFREZFMET 5, FHEARZ MLELT v R [vie] HDWIT¥([v:g]
Y)&EHWEGa LT 52 & T, KRFREOAMEEZRT,
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ABSTRACT

In this paper, we propose a new method for domain adaptation by using a combination of multi-
ple embeddings for sentiment analysis. In the experiment, we used an Amazon dataset that has thr-
ee domains (“books™, “DVD” and “music”) and six types of domain adaptations. The experiment
showed the effectiveness of our proposed method.

Supervised learning has achieved great success in many natural language processing tasks. Ho-
wever, in real applications, the source domain S in the learning stage may be different from the ta-
rget domain 7 in the testing stage. In this case, the classifier learned in the source domain S is ine-
ffective in the target domain 7. For example, in sentiment analysis, the classifier learned through
reviews on “books” was ineffective for judging whether a review on “DVD?” is positive or negtive.
This problem is known as the **domain shift" problem. In recent years, research on domain adapt-
ation has been very active to solve this problem (Anders Segaard, 2013).

There are various types of problems in domain adaptation. However, in the case of domain ada-
ptation of sentiment analysis, the method that maps data in domains .S and 7 to the shared feature
subspace W is very effective. When we conduct learning and testing on the space W, a domain sh-
ift does not occur. Therefore, the manner in which to construct # becomes the problem. For this p-
roblem, the representative research is maximum mean discrepancies (MMD) (Borgwardt et al., 20-
06). In recent years, many methods using deep learning have been proposed (Patel et al.,2015).

This study focuses on the sentiment analysis task, wherein the data is the document and W is the
space of embeddings for the document. Furthermore, there are several methods to embed docume-
ntts in the low-dimensional space, but there is no single embedding algorithm that can be used to
respond to various domain adaptations from the diversity of domain differences. Therefore, we co-
mbine the embeddings of the document in this study, specifically the combination of doc2vec (Lau
and Baldwin, 2016) and singular value decomposition (SVD). The document d is converted to the
embedding e and g by using doc2vec and SVD respectively. Moreover we use the vector v obtain-
ed from the bag-of-words (BOW) model of the document d. Generally, v is used as the feature ve-
ctor to learn the classifier. In this study, we use three connected vectors, namely [ v: e : g ] as fea-
ture vectors instead of v . In the experiment, we used an Amazon dataset that has three domains (*“
books™, “DVD” and “music”); then we designed six types of domain adaptations. Thereafter, the
method was evaluated on the basis of the average accuracy of each domain adaptation. By compa-
ring the use of v, [ v : e ] or [v: g] as feature vectors, the effectiveness of our proposed method is d-
emonstrated.
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1.1 A%3E

A SC TR /9T O FEIBGE G D & A 7 1Zxf LT, GRS T 2 BEUFE~2 b L%
MAB DO THHAT 2 FIEZ$% L. Amazon Dataset DFEIK books, dvd, music @ 3 D%
FIFH LT, &t 61V OEBGESFHIFERIC L > TH—FFE 7 MUIZ X DG IS Ot
ATV, TDOBEERRD,

HARSFELELD L DX A 72BN T, b 0 P8 OFIENRKE Il &2 I T
B, T2 UEBEOISASGE CTIZFEIEoTo T —2 O Y — A8k S & ffTRi5 &7
57 FOF =7y MEE T BRRD LNV, ZORE, ik S THEETES

B ik T CTIXANITHEEE Ly, Bl I3REE 2T ClE “books” 1ZBATH L E =
—® positive/negative | E Z 78 L7228 “dvd” ITB9 5 L B = —®D positive/nega-
tive & 9 F HETE 72V, ZiuE Domain Shift & FHEINHHETHY . Z OREICK
B3 2% 7o 8 O BRI S OBFFEDS AT FE AT DO T D SRIE IS (2 13k & 70 2 A 7 DI
PFIET D720, TOFELZIGIZ D0, BIEOITICH A7 RV, fEiK S
DT —H L T OF — X % shared feature subspace Iy T TLHFENRNTHD

(Anders Segaard, 2013) ,

FEIGE TR 2 72 2 A T ORENGFIET D728, TOFEGL LGOI 508, &
I E A7 ZfRAVUX, Ik S OF —& LHEK T 0)?‘—5 % shared feature subspace W
W~y T THTFENE I TH S, 22 w T8 L5217 21X Domain Shift @ [HRE
T Z 57, RIEIE W O SIETH 5, ﬁi@lﬁ’]iﬁﬁn ¥ MMD (Borgwardt et al.,
2006) ToH V| FFETREEE AN LEEFELZERRE SN TV D (Patel etal 2015
)o

KL TS A7 MG e 5, ZOHAE, T—XIF3GEROT W & EDOH
WIABLRBDZERNIRET D, I LEZRR TN DAL EE LTH N DOh
DFEND DD, FHIEE O 2T O ZERNED Bk & 7o FEGHE S I T KL T & 5 B — DDA
BFEFFE LR, 22T 2 CTHCEOHDIALTFIEEMAGOE CHAT S Z &
ERET D, BEMIIISCEOHDIAZLTIEE LT doc2vec (Lau and Baldwin, 2016) &
e RE R 2 LA A D, LEd % doc2vee ERFRAESMEZFIH L C, 22l
WIAHLFH e & g \IZEHT D, d O bag-of-words DET ML DT hvE v L L
7ol &, WmEDEBOTFETIIRHFEANZ M e LTy PHWLNDD, KRFETIT v
ORDOVIZ, EFE 3 5OXRT M zEfE LT [vie: gl ZRHER2 L& LTHNWS



FEBACTlE Amazon Dataset % FlJH L 72, Amazon Dataset DfEIK books, dvd, music @ 3
S&FIH LT, G 618Y ® Domain Shift 747, 4 Domain Shift TIEffR4 R, %
IO FHMEIZ K-> TFREZFMT 5, FEAR7 MLELT v R [vie] HDWIT¥([v: g]
Y)ZHWEGA L ET 5 2 8T, KRFEOAYMEZRT,

1.2 AREmSCOHERK

KT, I UDICER & ZOFEICHOWTRNT D, # 2 2 IS 90T O fElk
WIS O 5 & BEAE A BT 5, 53 B TIIXLEOHOIALRBLAEET 5 FIED
doc2vec & SVD ([CDOWTIB~ 5, % 4 FTEEERHE 7 b ZAE 0 TR L 55
ONAELFERETT, B 5 ETELOERFERICOVTERT 5, Btk(TH 6 T THiM
Zik~%,
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TEIEGEIN X, ¥ —F Y MEBO T M ET—F AW BTV OFiEE, Tk
W ZR W72 LOFHEICKRBITE 5, Zilid YV OFIEOSE, Daumé OFiE (Daumé
111, Hal, 2007) 23f#i 5 CLMBEEANE WO, BEHETIEL 2> T D,

ARG L TH D DA LOFIETH S, #bili LOFEOL G, FEX—AD LD
EFHIR—ADHDIZKAITE D (Pan and Yang, 2010), FHl_— 2D FiETFE T — X
OFEPNCEAE T FETHY, EET 7 N RET D, HEET T b E1TPs(clx)
= Pr(c|x)?DOPs(x) = Pr(x)EWVWIHIRETH D, HEEY T N FTIE, YV —RAHEKOT
— & x X U CHEREE br = Pr(x) / Ps(x) & BHA L Lo EATEFEH NG, Ps(clx) &
5% Z L3 TE % (Sugiyama and Kawanabe, 2011), #MHERX—ADFEFFE T — X DF
PRICEAZMT 258 TH 0 . i #gIZiE SCL (Blitzer et al., 2006) BH4 TH D, HD
WIEHEMER— 2D FEILY —AHIRO T — % & X —5 > MNMEBOT — & % shared feature
subspace W (2~ > 75 F{E L b e, MMD 132 DOREH M52 TH D (Borgwar-
dtetal, 2006), F7=Z DX A 7OHFZE L LT CORAL (Sunetal., 2016) (Efii5 CTLHHEE
HIRENTZDEFER SN TWD, 2 RETE 2 AW TS0l I O F1E b AR I3
P_R—2DTFIE L B72H 5 (Glorot et al., 2011), CORAL % L3k L 7= F-{%(Sun and Saenko,
2016)<CHcer %~ h U —2 Z R L 7= F{%(Ganin and Lempitsky, 2015)(Tzeng et al., 2017)
RENDH D,
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B AT WBREIE DT OLET — 2 II3CGEIC D DT, SGEOHOIARRELE R 5 Fik
(Z& D shared feature subspace 7MEETE 5, £ 2 TAML Tl doc2vec (IZX Y s-
hared feature subspace ZHEET 5, T LEOHOIAALRKRBLZ KD 5 FIEIE, bag of
words DET /L CRE LIZCHERY MEZRITTHENT 2 FEE bR D, 2070k
FAE 3R %2R L CTH shared feature subspace NHHLTX 5,

3.1 doc2vec

doc2vec & T LEDOHOIAALRBZMET 5 TETH D (Lau and Baldwin, 2016) ,
doc2vec Z AT 5 7-0I21EF T word2vec DB T, word2vee (X HFEDHEL 6OIA 2
RELWET LFETHY . XEEZT ML L T, HERLOEKE HLBREFIR T
WHEDITRD . TOIEKERENEEMIED 2 ED=2—F vty b7—2TF. C
DZa2a—F)Vay F7—2 R CHEFHEHALEL TEALFZESETODTT
M. word2vec CHEETEAIHEONR PVRREVWIDE Ay NT—F7DEAZDELED
T 9. word2vec (ZIL CBOW, skip-gram D2 DDT —X%7 7 F ¥ N5,

3.1.1 CBOW & skip-gram

CBOW £ /L & skip-gram ET /LD =2 —F )b 1 v h7—27 XX 3.1 LXK 32 #FRT
Do



input projection output

w(t-2)
w(t-1) \
\ P w(t)
W) 7'
w(t+2)
3.1 CBOW €7 /v
nput projection  output
N w(t-2)
wit-1)
\&(t)-4h-—

/i
-

3.2 skip-gram E7 /L



CBOW (Continuous Bag-of-Words)IZ HiGEE O SHE N OIFEDHEEHEE T 5ET /LT
T, AREHEERTE O n MHFEE RE LTAALT, HAHLTWDHE WU 2HEL
£75

skip—gram fii i & 5 2 1Xd 2 HiE % 5 2 IR E OJELGEZ THT 5720 DET VT
o TEHRPNIEWERETELFE L THDIET T 0BG T, 20 HD L) HEE
DOFERDIZIZE D W T HEENRHE LT W, EWIMERE2EZX D Z LN TEET,

ZOX IR E, LTO L) R &R L LT sofimax B> CTET Lk
LET,

exp (17 wo th)

2:wvevexp (U wv th)

p(wolwt) =

Exp(x) = e*T 3. FvTBvDEEE. vT-v IXZ MVONETT. we 1ZEHTD
HEE wo X wt OFILOMEEE (RFD O i Output @ FR) VERF 75U, Vv,
L
Vyeld BEEZ R TR PV TT o v EASTIRZ bV VIR RS v, ZORXEFE T
Twt & wo OILEMEEMNFHETE D, clDOHIIEDFERE wol, wo2, -+, woe 23
T OMERIT

T
exp(v,woc ) th)
_1 ZWUEV eXP(U'ﬁv ) th)

p(wol,wo2,---,woc|wt) =

ZOHFETITFEENIEFR IR0 £3, @E., A7 7V —0ENE T
L1280, FROFEIC #%Kﬁﬁ#ﬁﬁé@#@meoﬁ@f\ﬁh%#@lﬁéb
&w&&f%%ﬁ_imz%hiﬁho

3.1.2 mEd# kO F{E Negative Sampling |

word2vec Tld, LV @m#IZFEH IELFEL L T2 2OFENH D, Negative Sam-
pling LBEEH)Y 7 b~ v 7 ATH D,

Negative Sampling 6i wt @Jﬁi_kk.?\? T D BRI OWTCIIBEEME DR L <, £
LSNPS T 0 Z BTBIEN - BRI OV TR AR 35 L9 I0FEH L TV FiE
Ths,

EHHTHHEEL wt, wo lX wt OJELOHEE wo 23 wt D wo 1% wt DJE O HGE
pwolwt) & RT3 & BHE L WHEETH HHERITL — p(wolwt) & 72 5,

p(wolwt) DT 7 A RS LI WEIr VAT 4 v 7B TH D, 0~1 £ TOM
TRIEL Do 2 i < BT, MRORBUHEZ H D TH D,

Z LT, BET HHEETH DR



1
1+ exp(=vyo * Viwe)

p(wolwt) = oWy " Vye) =
L B LA BEE T HHER D D 2 ORI G, Tk D 2B R % 2 5.

E = —logp(wo|wt) 1_[ (1 — p(wo|wt))

WVEVneg

Vieglds BHHMEDHEWHEEDOHES T, wt TIEE SAVEHF DI B 2 HaE) B R ITN
J-HEETT,

ZOXTTN, WbpdaPRAT v 7 ERICE D REHEEE T, @HFZOFOR
BIE, BERSERKICTE LRI A—FDEERDO T OTI N, AR E
AT >TNWDHDT, ZOREBDMEZE /M HHFERT FMVOfEZ RO TN
<o

3.1.3 dmpv & DBoW

doc2vec 1% word2vec Mikolov et al.,, 2013a) (Mikolov et al.,, 2013b) /oM L7-FiEL
o TWND, XEELXT ML T, JCERLT FA NOSHMEBLES TS5, £ LT
7 PVRIEOBPEZRE LT, CEMEOUCEL2R TR TE D, BRI
word2vec @ CBOW & skip-gram % %}it: L C dmpv & DBoW &9 2 DO FIENGFLE
T %, Word2Vec @ CBoW (Z351F 5 A%, HEE% one—hot £HL L 72 HEE ID 721772 7
3. Doc2Vec I%, HiFE ID IZ/37 7 7 7 ID &M L= f# & AT &3 %,



classifier | |
Y

[ITITTT]

111111 [INNEEEEN] [TT1TT1

dj with ID Wj wj+1 wj+2
33  dmpvET L
dmpv (Distributed Memory version of Paragraph Vector)i% word2vec Tffi#>i1%5 CBoW

ZICH L0, FREOATNIHEGERZ MV wj,wj+l, - & XEXZ ML dj | A
TR NVITHGEFITIET T, XEID 5L TW5H,

classifier [HENENENE e NEEEE NN [HEEENERE e NANEREEE

v e

[ 1

dj with ID

34 DBoW ET /L

DBoW (Distributed Bag of Words version of Paragraph Vector)i% word2vec TffiiiL 5
Skip—gram %I L7=b D TH S, Skip—gram (F CBoW & (LW I ZHGEN 5 &0 BLGE
TRT D7, AJNIHFETH 553, DBoW TIFHEETIEAR < F ID M5,

DBoW [T HGEDNEF 2 E B LRV TN T )V CTHBENRNE L, dmpv IX
DBoW & HARD LD LEHTL D ZL DRI A—=FPNNEITR D,



X =UzvT

CITXDT I rt T L, ATHIU X Mxr THY., X OFRT RRED

ZERIOEREAZILE L 705, £72AT8) 13 r xr OBEAMEZ R EWIEIZIE AT AT
T, FTATH VT 1 r x N OITHITH Y, X OITX7 b3R5 Z2EH O IERLE

RIJE L I o TN D,

- - - . - " -
A Il
¥ vt [

X = i

3.5 FREMEDME

X & a—r"ZAnbELN D CERGIFETH (DEVITT FANILENT b)) &
L. 781V DAL k FINSAESN D178 % V), ETHUE XVl XD 33— 2o 3E
28 N RISk IRITTAHERITE D,

3.3 HEOIAALRBLOMAE DY
XLEd O doc2vec (2K DHOIALFKHE e, FrFEAE A X DM OIALRKEL (KRIoHE
T M) &gk linlEx, ek ghEE LT Ml e g ] H3XEI OHED

IAARRBLE R72E D,

XEd O bag-of-words DET /ML DT hLE v & LIcb X @EOHEGOFE
TIHFFEAZ FvE LT v AL, AFETIE v ofb0ic, ki 3 20
7 bVvaEERE LT [ viet gl RN MLETEHZLETHD (3.6 3H),
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doc2vec

v
l svd
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EERT — IV T TAB &N TW5  Amazon Dataset @ 0 AZELEAFIH L7,

https://www.uni-weimar.de/en/media/chairs/computer-science-department/webis/data/corpus-

webis-cls-10/#webis-download

BRI AT D CERE R 4.1 177,

F4.1: T—H2K

Domain training | test | unlabeled

B (books) | 2,000 | 2,000 169,780
D (dvd) 2,000 | 2,000 68,326
M (music) | 2,000 | 2,000 55,892

FEBRTIEH D FELFH LT, XELXFEN7 MLV TRELT 5, RICEDREA~Y |k
NERWT, Y —AMHIE S @ training 7 —X 15 SVM OFEZREZFE L, £ OHHE
IV X =7y NEIR T O test 7— X 2kl 2, TEOFHBILEE EMR TIT
Do

XEE ED XD ITFHEAR 7 MV TRELT 20BN FEICKIGT 5, BOW (bag-of-
words) DET NEHWTLELRHERY MLV v TETTEELZZ ZTlE [BOW) LI
Lo WITE VITRTRE (305,998 LF) 205 doc2vee ITX Y IGEE 100 Kot~
FV e IZHDIAZ, LEORMERI ML ELT v & e DE[ETHDIv @ e] AT
% D2V MRS, F7oRouHifd & U TRERES A W TSEEE 100 Roe~2 hb
Y( g WIZEHBL, CEORH~Z e LTY( [v i gl Y EHAWETFEE ISVD) &
MRS, BEFEITIERLOV . e, g ZHEFELEY ML [v e @ gl Z3CEORHK



N7 MLELIZHEDOTHY [D2VHSVD] &S,

42 SRR

EERFER AR 42 L 4112577,

# 4.2 EBRER

DA BOW | D2V SVD | D2V+SVD

B —D | 0.6980 | 0.7245 | 0.7220 0.7360
B—M | 0.6935 | 0.7005 | 0.6885 0.7050
D —B | 0.6660 | 0.6840 | 0.7260 0.7155
D—M | 0.6910 | 0.6935 | 0.7410 0.7345
M — B | 0.6235 | 0.6370 | 0.6835 0.6845
M — D | 0.6855 | 0.6900 | 0.7205 0.7130

Average | 0.6766 | 0.6883 | 0.7136 0.7148

B=>D B—>M D—>B D->M M- B M= D

0.76

0.74

0.72

0.

1

0.6

[++]

0.6

[=3]

0.6

B

0.6

%]

0.

[=3]

0.5

[s]

0.5

[=3]

HBOW mD2V ESVD mD2V+5VD

4.1: FEERAER



HOIABLFRHZFIHA L-FETHS D2V 2 SVD 1, EFbLR_R—2AT7 (4 Thd
BOW XV L EWVEEZHLCWS, FERETEIRICENLDOTELDY L&V
ZHLTEBY, #EFIEOEIENRENL TN D,
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M
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5.1 HDIAARIOWRITLE

FERTIE doc2vec b HFEAE/ETHHDIAATKILORITLEIL 100 ITFRE LT, %2
Z BT doc2vec D HIFIWETETHRMMN L Z LN THETES, T2 TIITIE
doc2vec |2 X 2HDIALRBLOWITTEZ 50 ot. 150 RITICEZ T, Lt FERa1T-
Too MEREZR ST,

% 5.1: doc2vec DXL

DA BOW D2V D2V D2V
(50 dim.) | (100 dim.) | (150 dim.)
B—D | 0.6980 | 0.7165 0.7245 0.7090
B—M | 0.6935 | 0.6950 0.7005 0.7025
D—B | 0.6660 | 0.6680 0.6840 0.6740
D—M | 06910 | 0.7215 0.6935 0.7090
M—B | 06235 | 0.6300 0.6370 0.6335
M —D | 0.6855 | 0.6885 0.6900 0.6790

| Average | 0.6766 | 0.6866 | 0.6883 | 0.6845 |

BT 100 O L DORRWKEEZH L TWA2, —#. 50 ko= 150 IRITD & D
NEVVEZH L TWA, skt — A fEk e % —47 v MERO X A F12L->T
B D, wiERIRTTEOREEIZSHOMETH 5,



52 HDOIALRBEOEE LD a3 — /XA

EBRTITHDIALFBL A VBT D BT 3 SO A TOa— "2 EZHA L TND, #
1 2.5 L, K books D — "ARM L LR TH HNIZKREY, FORDERFERT
2 =5y NMEEDY books £72DH D — B X° M — BOEMEOMLENRE N (F
52 %),

# 520 EfgEom EF

DA BOW | D2V+SVD | [n] |5
B—D | 0.6980 0.7360 1.054
B—M | 0.6935 0.7050 1.017
D— B | 0.6660 0.7155 1.074
D—M | 0.6910 0.7345 1.063
M — B | 0.6235 0.6845 1.098
M — D | 0.6855 0.7130 1.040
Average | 0.6766 0.7148 1.056

C MDA B ER A BT HBICRIT 5 T — S 3 % Y — A L 2 — 4 M

WMOLDOPETICRE LG AOEREIT, £2TCOa— _AEHHT R0

T 53— AT EHSTFRENONEEEET 5, 22 COERTIIHEK dvd &8
I music @ 2 DO 3= X2 N5 doc2vee OKFEEIARIC LD 100 RIT DD IAL TR

ZERL. D > M X° M — DIZK L THIE LR UEREIT o7z, ERFEREE 5312
NN

5.3 BHEGEL o — S 2 DB b O IA T B OREEE

DA BOW D2V SVD D2V+SVD D2V SVD [ D2V+SVD
using B.D.M | using B.D.M | using B.D.M || using D.M | using D.M | using D.M
D—M [0.6910 0.6935 0.7410 0.7345 0.7085 0.7155 0.7170
M — D | 0.6855 0.6855 0.6900 0.7130 0.6865 0.6990 0.6960
Average [ 0.6882 | 0.6895 0.7155 07238 [ 0.6975 0.7073 0.7065

fEIE dvd & fEIK music D2 DD a— AN BA/ES T2 doc2vee 12X AHEDIALTFTKHL

1. 2TCOMERTH AMHEE dvd &8 music & fEIE books @ 3 DD a— XA BAE
572 doc2vec IZXDHOIAARIL LY bEWEEEZ /R LTz, —F. FrRMESRIC L 5
WIALFBLILFEIL books DI — RAZANLIZZ L TREN TN -7, DF D fEREGIC



doc2vec ZRIHT 5 & SIFEHT B a— SR 7Z T 2, FRRESMEERIHT 3 & X2
TR TOa— " 2AZFHTLIONRRNEFZ D,

B CREIR dvd & BEIR music D 2 DD —/RZABAES T2 doc2vee (1 K D HDIA L
KL B TOFIRD 2 — AN L RERESRIZ L 2 HOIAARB L MAG DR, KAFE
ZH Lo RE R 5.4 177,

5.4 BIEGEIE O — XA DB D OHLDIAARFHLOEE (2)
DA D2V+SVD D2V+SVD
(D2V using B.D.M | (using D.M
SVD using B,.D,M) | using B.D.M)

D—+M 0.7345 0.7465
M—=D 0.7130 0.7130
| Average | 0.7238 | 07298 |

TGRS M — DITKEE O LIT - 7225, fEEGEIG D — M ICBW TN X
Iz

HIZE I NT,



A SC TG 9T O FEIBGE G D 7 A 7 12xf LT, SCEICxTT D O E S~
ML EAE DY THIAT 2 FELARE Lc, BIRMIZIISCEICRTT 2 bag of words
ETINHDRY "L v 1T doc2vee (& X HHDIALRKE e & FFBRENSIRIC L HHDIA
HREBL g ZHEFE LT RV [v et gl ZFEANZ L ELTHWS, FERTIE
Amazon Dataset DfEIK books, dvd, music ® 3 DZF|H LT, &t 61V OmEEES %
1TV, BEFEOAIEZ R LTz, A%IFHDIAT RBLO frii 72 IR ST D IA B FR B
PR 52— " AOHR L OBH A L2V,
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T
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