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Abstract

When most cross-domain recommendation models use review text for cross-domain recommen-
dation, they do not consider the emotional information in the review text. For cross-domain mod-
els that take into account the emotional information of comments, most of them are one-way cross-
domain recommendations. Therefore, this paper proposes a dual cross-domain recommendation
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model based on comment sentiment vectorization. The model uses the bert + Transformer method
to classify the review emotions of review texts in different fields, and obtains the emotion vecto-
rized representation of the implicit user emotion information, and then calculates the correspond-
ing user preference vector and product feature vector from it, and then cross domain recommen-
dation is carried out according to the generated feature vectors. For cross-domain learning, based
on the neural factorization machine (NFM) model, this paper uses the latent orthogonal mapping
function to learn the user preferences in the two domains and the user preferences learned across
domains, so as to perform two-way recommendation. Through comparative experiments on four
datasets, the experimental results show that the model can effectively alleviate the problem of data
sparseness.
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Z BRI HEE AN Re A BB R R A R B R A, TGV AR IR SR, S A RO T
HEHERAMN S —. BRI e A = E RS BRARIT R B = ZH PR
TfE B A B AT R S AR o DAL, BIEFEN RO TS IHE R BRI A 2 R B T RIS BT 1.
AR FE s e LR T, 5 FH R RS B PR SUAR[2] [3], JRIEE TR SCAR 255 5 1 FH P
U5 BAR RS R, EET AT .

SR, SIA 1) 20 00 Jo i e A 2R A T s s B 1 A0 ) 50008 i i P S A7 e R 7% 119 U7 =gk
AT R IRHESF[2] [3] [4], X LEAARUR F P AU b i) 3[R P AR MR 2 AT SR #,  ANITIR] FH 4 Bhdgk b
15 A5 SR S B PRI AR, (X W ENE TN 1FERA R B s 15 Bk Wi . 48
M, ASFSTER W - 8 A w2 e, SnT DL R A X B - AR T X AT A%, S
XA HESE , B e 78 20 R R P NSRRI 2 A N i 1) 1) R

BT R, ASCHEH — R TR BYE B A E A XU R B AR T (Dual Cross Domain Rec-
ommendation based on Sentiment Vectorization of Reviews, RSCDR). %% %5 [ bert [5] + Transformer [6]
()77 R PR SR P (G 1B B AT SOAS B ey Ak, I 23 ) v 50 H P i 2 [ - R0 ot AR A 1) o
SRIG, R AE TE A WS (1% 77 2 R IR o) PR A ST dE AT Bt At 2, RIAEN s, ) A TR A2 LS ek 50K
P s NIk A T F2 2038 B (28R BJa, ASSCRIH NFM [7]3E7 1753 0 o
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P [ P SR A% O AE TR B R0 R AT # 21 B AR o Xu 252 IR PR SCAR 5 11
JRAS BT RS HERE, AL HE O P R DRk, Xu 3T — Ao B R B BRI, 1 Z AR
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J& DeepCoNN [11]#EH), 2T —FEFHBAIEM L (CNN) [12]1 23857 T CCoNN, ZAE 7
FIHH 2 AR B B A LR P VPR A5 B A B - R ) BRI H AFAE 7] &, H7E 241555 SJ(MTL) [13] 12
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AR Z BIME R G, AT XUAERS, AT = A [ 40k 2 (] o HE 37 14 B
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3.1. R IEREEmEN
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Tt BN SRR B o PP ISR PUE TR PR B = 2 AR, AT LR SeA it AT H P
T M, A2 H SR 2 IR0 P D 4 AR R AiE o SBR[ 18132 tH 17— Fh B A VIR I RN X 4 A Y
SentiRec, ZBALKREANVFIL SCAGR AL N @ /NP A &, FHEXPER & AT U 2R AR IR SCAR )
5%, SCHR[10]3 18 SentiRec 17!, FIH] word2vec [19] + CNN + 453 [m] )3 ) 77 sUIR BUEE — 45 PR i8S
AN B e B, TR SR O ) R P T MR A RRAE o AE STHR[ 1018 78 7 i B Al B, A SOR
bert+Transformer )77 TAZH H 45 25 VT8 SOA R B2 1 47 k) £

ZHHHF ST EBOERE 1 3 5 Z0E, ASCKEERBIEBOELE 3. AR HPFIMER b —2%
PR SCARISIN— MG Bbr s UvPor KT EEET 3 1, X B PR SCAR B IBAR B AR, 1T 3 1,
XF B PP SCAR A R B T AR AR, 1B IR R B PR T EAR RN BV SR I B, AR
FSCREE T P R I I B, e 2RI BT . 1A P A 47 [ R i SRR ) o

bert #5 B4 % )2 Transformer [6]45#), T Transformer /& —Fh3ET Attention HLii|#EAT 4 AEFEEL 12
WA M1 e LUEH, Transformer Encoder (45 M 646 BiFE S I MEIHMA ML . Hk. BERN
X BE SR VAR SCAS ) B P AT OV, FFHS BB AN B g AT i, SREEIPEIR SCAR ERSOES, H
F AR IE B AT eh 2 M ZE Th AT T . ARSCE Seillid bert BEALKE VFAR SCA ) BRI B 4y i ) B, PR
H Transformer Jy#fih#% ()77 AT RAESEEL,  FFRI A 50 AT B 2K JEIAE WA 1 o

CHR[6]38  Transformer FFANVE & i AFEFRY, KL Transformer 24 word embeddings ¥ T 137 & %
i, FHRAR 0 A R B Aa I o A SO IESZ BR A sin FIAR5Z BR R cos [ ZMEARHoR SR A7 B AE 2.

PE(pos, 21') =sin (pos/l 0000/ 4noaet ) €8
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Figure 1. Sentiment classifier
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TR PR B R B2 AR ST K& vector,, SCHR[1018], FI 7RI S 98 RAEE — X £
B XF LI, A IE T B P R RE K BT YRR A IR AT T 4k, B

DL 3
len(1,)

o 2Vt U, )
len(U[)

Hrb, LR u XA R BT PR R S, USRS i bl AT VPR P SR G
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3.2. EF NFM B E S

ASCBLE 13 SO TURAEAEAR R T, AT TR IS U3 I S 78 it o KRG SCHR 1 7] it 38
BRI P E U A A AU LT, IS AABATIFESIS B vh B Rz ARG AL o BRI, O 7 PR
U A L, TR B I i A E AL ARk, RZ MR SCHR17 142 HAE 1 NCF 4
R AT XUEE RS 22 S HERE , MV AE RO IESCBRESS s LEYRISAT H AR 18] R A% 7 i, e A9 2]
AFE U7 o SR, SRS T F 20 PP TR AR W BB, IR 5 S8 AR R AR AR 2 TR R 52
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Figure 2. Potential orthogonal mapping on NFM model
B 2. NFM #8978 7E IE 32T

FH P PR3 B TR0 2 35 - SOk [ 742 B9 NFM A58, NFM SRR TE embedding J2 AT MLP %45 2 [8]
ININT —AREAS SOBAL R, AT REFEE VR 2 IR IR 28 EARFAE -

X} NFM [#) embedding /2, A SCH AL E—5sh ik 5015 209 PR IFRAIE o AR SREE v 78 24 N 2%
BRI B o ARSI IS AR TR 77 TR A X B ANRRAE, &

X=u*v @)
NFM T 58 AT
Px)=wy + D, + (%) ®)

b, x BIRHAFFEA A RS BRFE, wo BRI ZE, x, € x RoRAZHHRHE § FIME, w, RARTEERE
fEMEMRE, f(x)X3R Bi-Interaction pooling, — /N2 JZHImA&E Mg, HAE LW F:

S (%) = l{[Zw j -3, )2} ©)

2
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Il #E Bi-Interaction pooling X F&—HEEREZ, H T % SJRHEZ ] BB 28 B, AT SR IR SE R 2 R )
FRIEAZ H.. NFM B 32 T 4 0an

f(x)=w0+iwl.xl.+hT0'L(WL(~--o-1(WlfBI(VX)+bl)~--)+bL) (10)
Hrb, L ZOREIZEL Wi b o 73 WSS | ERCEARRE . 58 12 B IR B AES 1 2 30% KA.

3.3. sk R ¥ EFRR B
TEVPAR SCA IR I A, A SO 2 SRR 56 B B0 B A TR 4 SR AR IR B, A 7

.
[(y,9)=ylogp+(1-y)log(1-7) (11)
M2ET NFM ks>, RIS SCER[1 71858, % Vs Ve 3 AVEFERE, TR i B AR sR B0mT
PLE LA :
min|V, =7, |+|V; = 7] (12)

Hrp, 7y 7 R A6 HI(T).
4. IWHRSEER S
4.1. BIEE

ASCE R B 4 & A T Amazon BHEEE(20], ZEHE 6 & AN RSB R4k . A SGERL T LAR 54
P A AT SEEG (3R 1), 43728 Movies_and TV (Movie). Books (Book). Apps_and Android (Android)-
Toys_and_Games (Toy). CDs_and Vinyl 5 (Music). HT Movie. Book il Music #4810k, Pt A
X =N R T B IRIE . Lk, 7E “Movie-Book” i, ok i s AR T EE T 150 BIRS
mi, PRI B P BOR T BT 15 A .

Table 1. Dataset statistics table
= 1. BEESIH%

T Al 35 DAY 3 7o i 4 PRI B35 e (%)

Android 4016 35831 0.2%
848

Toy 5330 40029 0.27%

Movie 2134 258776 3.05%
990

Book 5334 197328 0.9%

Movie 3498 287951 2.57%
797

Music 7498 258765 1.03%

Book 7812 177222 0.49%
1107

Music 7324 205100 0.6%

4.2. YETMAEMS BT

bert T Zr 58 Fh i F ()72 Transformers H2 4t [ Bert-base-uncased, ‘& (1454472 12 JZ ] Transformers,
RN 512 )2, BREENYEE N 32, B, AOKFTE R EZ I 8:1:1 1 EuBi kil il 2h 4.
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4.3. o FEUE
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Figure 3. MSE values in different parameter a

&l 3. B3 o Xt MSE (BRI

3 R TN a (B RERI S, Gl 82 DU AR MSE T LA, o XA A O B SR 52
W ANHR R, A 2 RS, 2 a=09 1, BREPERERLF. B, ASCK o BIEBRHN 0.9.

4.4. FFELIER

ARSCR ¥ 771 % MSE 1E RN AR, MSE EBCR S e, AW

MSE =%Zfil(fui -r,) (11)

Hrr, NFRRFEANE, 7, oA PSRRIy, r, RN A DA SEVESY
ARSCEIL T AR J LA E AR R AT X L 0
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1) FM: — P TR RE MR8, m] DU o R B AR 5 | AR R RF R4 & i)

2)NFM: 7E FM #i%! |, 5| A\ Bi-Interaction pooling #4753 Tl «

3) DDTCDR: ZAEAAE NCF AL Bl R BT 7E 1A WU AT B A9 . AR PSSOk, £ «
B0 3 0.2 1A IEE, BRSO . iz, A o HiE N 0.03.

B A A RS (R N [ R B PP VR R K ) A AR B FH P i B AR R R R A AR ALE o

Fi4h, FM. NFM BRLHE 5 ARAS 258 S0 21]

4.5. SLWEERFOH

FEVUH R 4R EHEAT SEIR AT, MR R Z R SR 15 B iR A4
W 2 Fraws, WRE LR, MR HAAR AR, A SO M BE RO

Table 2. Comparison of the effects of each model in different datasets

2. BREBENRHEREFHRLR

Dataset FM NFM DDTCDR RSCDR
Movie 0.6413 0.5846 0.8811 0.5855
Book 0.8926 0.8660 1.1303 0.8450
Movie 0.8115 0.7614 1.1164 0.7551
Music 0.9321 0.8810 1.2702 0.8662
Book 0.9520 0.9347 1.1966 0.9113
Music 0.7103 0.6905 0.9484 0.6643
Android 2.0938 1.2587 1.3605 1.2513
Toy 2.2199 1.0167 0.8647 0.9951

FM BAURT NFM BB AT L, mTDUR I NFM BBSERRAE SR I RE 1L FM 5. o FM AR AN
RSCDR BT LL, 7T AL %E £ RSCDR B BRI A D

RSCDR F A3 F NFM FAY , 385 3347 % b, RSCDR 7E =N 41 BUS et 45 5, 7E“Movie-Book ”
S 4, RSCDR YT NFM AL 7E Movie 255 45 B AH 22 1R /N, (BAE A ZH 11 Book #4529, RSCDR
AL NFM #2751 2.1%. [, 7€ “Movie-Music” $E4H+, RSCDR 43545 0.64%F1 1.48%, fE

“Book-Music” 1 “Android-Toy” #4141, RSCDR & NFM A HIHRE T 2.33%. 2.61%. 0.74%F1

2.16%, HIHTT WL, A VB 1E A2 50 B AT IS 77 RSCDR MRS B A ROk HE AT 2 5 h Bt M i 1) i

DDTCDR B8 5 A SRR B g ARABL, #2778 7E IR A R B AT B S it , AT XU 4R o (HAA
A AR B, N TE “ Android-Toy ” UEH 1 Toy 4 +H, RSCDR F [ 14 At Eb A = DDTCDR
R, (7R H R =4, DDTCDR BB EA IR A B &, RSCDR [#] MSE {H 14 #¢ Lt DDTCDR
AL, Bk, EASZIGH, MASK E BT NFM () RSCDR BRL A8 Rz A2 BAME R E S X,
REME 1 = s I HERE I PR R

5. ZHRiB

ARSI FH 5 B SRAS KT AN R AU PP IR SR (R G EAT 2028, R PR BT I AL, IRt
S PP (i S R PR R T S ARPAE R AE NEM B _E R P A IR A2 R BCHEAT SR IE RS, S B 4 AE 7 -
i SEYGIE B I (A B AT D R BUFIIRCR . B, R AR, WLARABITT, AS[AR
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