A 3R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software, [doi: 10.13328/j.cnki.jos.006029] http://www.jos.org.cn
O [EI B2 Bt B A7t 5 BT RO A Tel: +86-10-62562563

E4TE SCAE R KRR
BEE! TEKY Z@EIY

"L TE & K% (5 B2k, ILTE KR 030006)

PR HHENSEREARY LT KB 030006)

PAHER RS b CE B HE HE AR E LK), P KA 030006)
BIEE: 4L F, E-mail: zhaochuanjun@foxmail.com F FEA%, E-mail: wsg@sxu.edu.cn

B B ARAERIAFESO TR RRAZL — AR A B £ G AR RSB RSAEA T RIR S T B AR
89 AN B RAL 5, 27T UK 25 8 B ATRARR T AR & k#}%ﬁiﬁaiﬂ AITKEANA B HABILARAERG R T FITTahELE:
(4, aﬁ%ﬁ¢m€ﬁwﬁ HAE, 7T o Ry A KAz 2 X BGEAS 77 Q) B R B 1 R GE B PR SR w8 FT 40 9 Rt 45 7 ok | 4% 4L
ATk, BAES TR, ATEEme S A BABRALA ﬁ«%vx&laﬁ%ﬁﬁa& ;(3) 4 BT B IR ABUBRAH, T 98 £ RAe % RIS
BIRTRS LT = W TN B T RALAF D FRRLEBARI AT A L0973 AR R RE,#®LE RSB LAE
B Fmls oy X K P2 3 TRk ) Rak 7 @47 TR 2.

EEER: B AU LA B £ AURIE BT AS S 3 A R R

FEESHES: TP391

o R MR R A R U SCAR R IR 4y S T I B A £ 41,2020, hittp://www.jos.org.cn/1000-9825/6029.htm

P 5| R 3: Zhao CJ, Wang Q, Li DY. Research progress on cross-domain text sentiment classification. Ruan Jian Xue Bao/Journal of Software,
2020 (in Chinese). http://www.jos.org.cn/1000-9825/6029.htm

Research Progress on Cross-domain Text Sentiment Classification
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Abstract: As an important research topic in social media text sentiment analysis, cross-domain text sentiment classification aims to use the source domain
resources or model transfer to serve the target domain text sentiment classification task, which can effectively solve the problem of insufficient data marking in
specific domains. In order to solve the problem of cross-domain sentiment adaptation, this article summarizes the existing studies of cross-domain sentiment
classification from three perspectives, i.e., (1) it can be divided into transductive and inductive cross-domain sentiment classification methods according to
whether there is labeled data in the target domain; (2) it can be divided into instance transferring based, feature transferring based, model or parameters
transferring based, sentiment dictionary based, joint sentiment topic based, and graph model based methods according to different sentiment adaption strategies;
(3) it can also be divided into single-source domain and multi-source domains of cross-domain sentiment classification according to the number of available
source domains. In addition, we also introduce a new approach of deep transfer learning to solve cross-domain sentiment classification problems, and summarize
its latest research results in cross-domain sentiment classification. Finally, we combine the challenges with key issues of current cross-domain sentiment
classification technology and point out futhre study directions.

Key words: Cross-domain sentiment classification; domain adaptation; transfer leaning; research progress
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Z MR At B0 IR T (Positive) . H1 % (Neutral) 5 £ (Negative). 4% HE SCA S B 5l (i 4Bk B2 38 T LAy A 1-5 AN B2 4, RT3 24 T T4 v
AETA A APt AT v A0 5 B AT A

2015 4F,Hirschberg ##% 7t (Science) & ICHaH T HF B 1R 5 #E £ G 44 v 7= 5 VT 40 Rl I 45 B2 2 19 175 1% (Sentiment) 1175 46
(Emotion) Bt 47 i 5 B P [F] 4E Yann LeCun #($% & #1E (Nature) 1“Deep learning”— 3 1 o 45 HI I 5 5% STAE 15 I 0 T B 4% AT
55 v S BUAS T AR A 1A RO A 2 A r S B 1 DK B T S AT (R B 2% 2] (Deep learning) B 7 £ (it = F (10 B0 S RELL
Ao AR R 3 WA SO 2R B = E IR BE B 2R X S SO R IR R RIE B AT O mERE . R B O, B
VTP A 3 A R G S 9 S N AR A R S

iTF 2% >) (Transfer learning) H 1995 #2212 B ERBE 7T, J8RAE “A1IRiTR ” (Knowledge transfer) .2005 4,38
Defense Advanced Research Projects Agency (DARPA) {5 B AbEEH R Ip A = KATIE S 8 UL B 5 218 “ RG0R0 N H 2§
55 W) R0 4 B BT %5 1178 717 .Qiang Yang 25 AUV 2010 S04 3088 2 ) i SONRI FI AR « AT 55 B Y A] (A AL K5 7 TH 43
32 ST R B R T30 O A — b 2 ) i AR — MRS O A bR B 1 R A SRR O R 4535 7 (Source domain), {57 A KT 45
B “ BFRUR” (Target domain).f% 45 11 SC A 186 70 FS W 58 A 8 FH T 910 & AR 3000 4k 119 49 3k 1] 250403 2 37 W] 43 47 ) (Independent and
identical distributions,L.1.D.), SR 1M1, B 5K 5% {1 T A [R] 4008 18] 77 £E 73 A7 22 5t 72 IR ZR ) 73 S S AR ME ELF AT T B A U 17 1k 7
FKAL 5.

T T K45 78 4003 1) 175 % 0 AT 45 I A A i 2 K S b 2 B T AR R AR R B M A I AN EFREE ST ¥ T RN
ROV T SRR RT3 4 U 1) e b 2 SRR, e A I S R S AR T A LR L A (R3S 2 o B A TR e A
IO AR AR B 53 AT 55 W) fige 1 1) R S 22— R A ORI P H At 80T P b R M, AR R 12 SR Y A A [ B AR B A Y
iz Ak g 110 AU SO AR 1 R Ay AT S5 AFAE LA R = ANRE A 58— N a2 SO B R R e AR P A AR A A K R R A 2 5
P A L T BEAFAE 2 N IR A3 T B AR 80 VAR AR A AR AR A /01X e 52 5 1 B bR A bR 28 (5 S 0T DU 2 H AR AU 7 S 28 42
BRI M5 B B8 AR R IS U G v e A R U B BRI )RR AGE 4 AT 2 S 1 DR VR UL SR (1 43 R AR A R ELHE Y
FA T B AR SUERAT 55, 75 ZEPAT 45 8 B AT A SRS 5 58 =N RF 2 U315 T T R A 1 A [ 4085 [ A7 7 44l e P 1) 4% B R AL, 1T LA
E A T (7 22, R A 0 [0 L A2 TR U AR PR B R

B oF 1 AU S A T AL, 3T % 2 0 R P VIR AR S B 25 1) I R A J S — A W] S AR AR o B A S TR B 43 AT Y H R SR
FREEFEA AT T Qiang Yang 5 A7E“A survey on transfer learning”— 3C H4& 21| 3 £8 2% > 1T LAYR /> 195 4008 4% R 40 S A A
L E B B LI GRI 4 FB Y S oS B T DA B S At e 1 4 SRR UL S ) R T AR SR WAL 3R RS 2 51 S A vk 4T
WXAE B BWARTFBR L — FENT BB AR STONER % FIETB E. SRR ik, B TRMEMTE. BE
155 1K 32 L % R P TR T e A

[ 55 5 A 1P 28 X 4% (Convolutional neural networks, CNN)FI{E I #1128 [ 2% (Recurrent neural networks, RNN)ZEVR B 2% S B R 1E
H RAE A T2 3 P a] 38 19 43 4 3 R 7R (Distributed  representation) 122 J2 W 25 220 B A 58 K I HL& F 2368 1, E N
LYY B AR IE 5 A0 T (0 3 B ARy R B 2 o A THI X SCAR A7 88 43 28 A 25 A A4 THT 1 R s Al 2 KRS A 5090 1 1) .
HIRE TR 5 3] (Deep transfer learning) /7 5 7E fif 1R 40135k &E N (Domain adaption) il BUHX 15 5 2h, 1R 2 W L EH W R KRR E T B %3]
L] A ke 5 A0 S A A7 S 4 25 ] 2,

5 40U S A 18843 24 (Cross-domain text sentiment classification)fF > B 4815 & AbHE AT 5% o (1 25 2 ) il 2 —,— B2 P2 LR

5 & R R AN B 20 A2 0, 5 S S A 1K 23 2 RTAE R S8 AR 55 A AT Br e — B8 U A IR o 280 RBLA o) . AR
P2 N T RE DL BRI IS 55 200 70 S5 5 T AU U A 175 18 o 248 4 B (0 B0 42 R 1 4R 5 A BT 2] 2 13, DA S S R Il 2
A 2L B SRRl E BR4il ACL. AAAI. COLING. EMNLP. ICML. NeurIPS Ll ICDM 2%, & B #]¥] IEEE TKDE.
IEEE TASLP. Knowledge-based Systems. Expert Systems with Applications. Computer Speech and Language. (¥ 2F2=4k) LA (it
B R S RRE) %,

ARSCE S BT A S A IR o3 A O I T SRR S, 20 N B AR S o T AR A B 1 RO e SR AT ] YR 4
WA 3 ANMEXNCH TIEHT 784 TR EITR 5 S BE, FRAIE E A2 7 HAE RS SUUIE &SR 5 28 i R L 3RAT]
HE— 2503 BT T W AT SO A 1R A3 ST IR (BT S Bk RN AR SR T BRI R T ). SR, AT A SGHAT T R A

1 BRAR

1.1 [ @ik

TESCA G A <438 (Domain) I8 48 SCAS N 25 BT s A ) B0 S A2 9 A AR B =8 80, G B 772 . TS IR 55« FERZ AR AT SR VR
W IR . IR S A A S AT & b AR R AT A SR i W SO BT R U B AR . B R IR
HA 2R 1 FRfZ 4 A0 58 4 1B TH A A TS 0 E 7, B3R 1 S e ar CUR B AS [R] 1 A0 A B P 48 - A
I F) 15 0 3] 26 2 5 S I 490 G, r B T 8 A0 3 O3 1) ] < I B R I ) T 8 AT s 117 U1 B0 3«8 R, Books 451 3 PRI 1y ]
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“thin”(7)F1 DVDs 4R 117 “stuck(F A1) 4. 53 41, 7 — 17 1 ] 550 35 60 17 6 A 1) 490 (1) 195 S P T e A T 1) 22 AR
SR A R e VR AR A <R ak I T AR SR ), 7D PR 5 PR 8 SR 0 ) Sk T ST PR A7 SRR A 1 R b, 2 U AR I R
Gy RS B 53 — AN (K AU, p T AT R R AT AN il 2 2 S [ 43 AT R, 43 SRR RO B ot IR B e,

Table 1 Eight examples of positive and negative sentiment reviews from four domains in Chinese and English

2R 14 AU IE T AN A7 T IR ) TR e T

i1 (Domain) IETHI (Positive) 71 Tl (Negative)
HLE PP 1E G LM EE R, BERERCR ! PRHT B 1 R 3K, 2210 AR TG T e !

T VPR U IS SRR TR 5 T SEE AT 1. B 1R AT R ! PRAE ] B (e AN 3 2, BitAR R IH.

Neverwhere is one of Gaiman’s best yet! I It really was not worth the price. The paper

Books/2/8114]
highly recommend this novel! was extremely thin and bad.

DVDs28114] The DVD is packaged well. This is the best This product was a bad choice for me. It
one that I have ever seen. often got stuck.

HE UK B ) 4 SR P B TR R A AR — R T S IR AR 5 B AR R S R A s S — 5T
SN R 2 N GRFE AT R A3 B — AN U 1) 43 FERE RIU O JATT A 31, 19 A SO AR 175 18 40 B0 08 T 3K 1 N S A B L, 8 e SUONE
T T % Y5 AT RN YR ATUEAT: 25 (9155 IERAS 5L 3 A A0S, R D el R AT e R 2 B 2 o [ — S RS T 15 R 4 ISR SR L H b AT Y 1
TR 7 AT 55

TESCANG Ay AT 55 R XOR SUAREE x = {wy, wy, -+ wr}eX AL — R A wy [0 SUAR L6 AR G2 SCA G 184 BT 45 90, SC AR
il [ 4 #% (One-hot) % 7~ AE IR BT 22 SI A b Galwy i word2vee Ron N —ANd 4k 18 &, Blw, = {(w}, w?, - w}.id [ B 5 R id N
E € RVX® ix BLV Ayi] i (11 K /N d Ry 1] [7] 5 FF) 4 300 Y 0 176 B o 2R (bR 2 2 1) 6 2 43 2R AR 45 Y = {IE T, ST ), nf T A e 4k FE 1
RO RATSY = (GRZVETH, IET, fik, 5O, 58 2 S0 L AN M GRREARTE A (x, v), yeY R I ZRFE AR x I 4r 25

T8 SC A 1840 28 1 1 o A3 DA A A e BEARRAE 2 1) X B e B O 3R 43 A1 P (X)), 38 5 15 0L T, P (X)) 2 % 201 5 A3 S AR 17 Ja
GV Je 2o AT A [7) (10 A 85k FL R A 2 ) R0 B A 2R 43 A AN 1R YR AU I SR B0 12 A Ds = {(e, v) |1 < @ < N, SRS A A
Ps(X). Dy = {(x;, y)|1 < i < n} N HARE AP AR BB, Dy = (x]1 < i < pPA H ARSI R EIE 42, Dy = D, U Dy A H R4S
BOHE A, 5 A N P (X)) — RO R IR U R ST K T H BRSO UL B Ds| >> |Dy|.

TR 25 [A) 1 B 25 SOHE 15 10 PR AT AR T 9 88 003 S AR A% B 4 28, — R R AT R E AR 0 ) A 1 25 ()@ AR R L BRY S = YT S —
ol YR AT AN FR AT b 2 (B R AN R LRI Y S = YT
1.2 BREZR

O R AR BT K& 1 B A ST A 8% 43 208 R B VR, 40 . 1 3 (Amazon) 9 3C DVDs. Books. Electronics ! Kitchen
2 4 ANSUBIAE LR VPR TE R B AL A M F B 2 B 4. O OB R B IR AN 3R 2 BT/, AP 22 D T SO 800 48, 3L VO A S HUE
£5 I SCHR[17] [18] [19][53] [42] [70] [20] [68] [70] [95], 127 > & () German. French il Japanese 38 #5454, 0 SCHR[561[99] [114].
CUA H00 45 2 N R 407 W P18 Hdis B /b 2 1) 1% Ko 4500 A A 42 0 Stanford Twitter Dataset Test Set (STS). Obama
Healthcare Reform (HCR) Al Obama-McCain Debate (OMD) 245231 55 s 3y 45 42 36 385 AR AR R A, MU KIS Amazon 4 Fh A% 1K) K
R B HE 409 SCRR[89]H ) IMDB. Yelp. Cell phone F Baby ¥4, SCHk[101]7 (1] Large Movie Review ¥ 8%,

Table 2 Dataset resources of cross-domain texts sentiment classification
= 2 IS AT B SO AR R
BE iETORE A # SRR AN 4L

A 4 : T

Y (Domain) (Language) (Positive) (Negative) SRR (Source)
[2][8][14][21][22][28][30][33][34

KitchenBooks.DVD TS24 solls0l 2]

itchen,Books, S, .

Electronics English 1,000 1,000 63][641[661[69]1[711[811[82][83][8
61[871[911[931[941[961[97][102][ 1
03][104][105][111]

IMDB English 1,000 1,000 [9]

Hotels English 1,437 1,437 [9]

Apparel English 283 283 [9]

Music English 2,951 2,951 [9]

Twitter English 177 184 [23]

Healthcare English 135 328 [23]

Debate English 707 1,190 [23]

Kitchen2 English 36,106 36,733 [39]

Books2 English 73,500 72,794 [39]

DVDs2 English 66,126 76,759 [39]
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Electronics2 English 43,806 44,321 [39]
Sports, Toys English 1,000 1,000 [43]
Blog English 3,995 3,091 [50]
IMDB English 55,242 11,765 [89]
Yelp English 155,625 29,597 [89]
Cell phone English 148,657 24,343 [89]
Baby English 126,525 17,012 [89]
Beauty English 6,709 2,616 [89]
SemEval-14 restaurant English 2,836 1,061 [95]
SemEval-15 restaurant English 1,617 710 [95]
SemEval-16 restaurant English 2,217 899 [95]
g‘\t,%‘:;lfbvml Vii‘;‘(’)k53’ English 6,000 6,000 [98]
Large Movie Review English 25,000 25,000 [101]
i;gg:;’?:;;¥;’{222§“’ > English 1,000 1,000 [101] [43]
Baby, Magazine English 950 950 [104]
Software English 1,000 1,000 [104]
TR S A L Chinese 2,000 2,000 [17] [18] [20] [42] [68] [70]
N AAE D e =
EF%%%%%%MJL% Chinese 1,000 1,000 [19]
HL % Chinese 2,714 2,791 [53]
HE Chinese 2,015 1,713 [53]
)5 3 Chinese 2,395 3,518 [53]
CER-2 Chinese 8,316 4,701 [53]
R Chinese 7,823 3,771 [53]
FEE2 Chinese 8,647 4,177 [53]
PR R T Chinese 3,328 1,408 [95]
VPP A B Chinese 3,871 1,388 [95]
German,
Books, DVD, Music French, 1,000 1,000 (561 [991 [114]
Japanese

1.3 XER ARG
5 AU SO AR B 43 S TG LA 4 s ORBEER AR i) L«
(1) BUMEEMETKRESEHE K BI(Dependency of labeled data) i 5 1% Fi L 2% 2 > 46 1 7 BOK B bR 2 B0 07, 1 B
i 2 e B TR A 55 R S DRORASE s o s v O A o R M 81 b, 15 RO A R A v 5 M AR R T I bR v O A
Ut — K PR
(2) BRSESZERERSHIE (Lack of comprehensive data annotation)a] &5 R 7E 4% & 4T 55/ 45038 T Il 2R i A A A1
HEAETE AT i M 22 0 1) R, 2 R U 50 2 v o s 2 G B, ] S S B 8 e — A E
(3) AR B K 2 R I3 (Distribution gap) 18] f. SC AR H 475 184 1) 2808 AT AR R 1 X 5 850 T A [ A3 11 175 Sk 4
A 22 e AR H B I 10, 7E R AR I 4 0 A R AR Mk B B T AR AU T BT R S 1 IO A SR
4) BIERERF ZIEMEMulti-source domains) i BE 41 2 AR 11 32 0 SCA T DL A (7] 32 78 F) 4508k, 76 T % 45 58 H A
AU 1Y 1 I 4 AT 55 I, RT RE A 20 AR AT 1 i A 25 B0 1R AT VI S5, T 22 AN U A3 1 175 SR 43 A 5 A AU A [R] 1), 7
T A 22 A TR U 1 1 RS S
14 #HRE

150 DA b A A i B AR SO AR B A S AL R MR R DA 3 AN (1) S IR U A 15 IR 4 A 2 e, R P R AT e bR 2 A
JRRHUYE SIS R AT 15 B A IRIE B s (2) H ARSI AT B8 b A AR 2 0l (1A 2 DAY ZR— AN R 70 AR D) e R0k 4o
UL 1] R (3)FEAE BT VR U X T B AR S o3 28 3 G AR A F A0 T 3k 4 3 ) U AU A TRk e BT 1R 1) 70T B (Negative
transfer) ) %1171,

AAIBLE I 5 3 B, N 8 K B 0% 1 S5 b b JH S ) 4004k PR A 25, 9 BB AR 1B S8 4t I\ — T EZ BB % 31 5 — ToU: R v O T T A5
FOUN 8 K 117 A o s 2 A e A 110 B85 400 35 S A 15 U3 40 28 ) L, T T %2 SR AT #% % 3] (Transfer learning) 8% 41 33 & 5 (Domain
adaptation) {77 1R8OV I IEGE F 2 ST LRI AL YR AT A0 175 B A5 IS B 2R 380 L A ADUI T AE AT A 8 AN — AN B 22 AN TR AT
Sl PR R R 42 56, 385 I8 ) 45 905 AT 43 A AR ] A4 b A 1 et RO,

RV AN R Sk 2 (A AFAE 53 A7 22 7, AN [R50 A 1 B IR T AR R v B . R R A LTS (1) R 2 HCR R B B A



REE F AR AE RS LR 5

AU 25 v 22 30 AR UL AR 155 TR M, 13X 3 WA AR [0 4040 11 175 6 3 28 A 55 T A R 22 2 A il Y 190 175 JRRARRAE 5 (2) 7S ) A 25 A0 4T3 v 1
TR Rk T 2R ARABL R, T A3 A A A DL ) ) v 2 R R v R

5 5 AT S A 1 2 0 B AT I B 2005 4 Anthony 2 ANUEE H FR4TUE /b K B bR s (5 L R AR T 4 FREIE R
TR P 70 R U R IR R A3 SIS B N B A3 4 BEOAS [ B A B FRATI T DA A I AR AT 0 28, R E R A A DU =4
53 ) A 4% BE B BRI R TS AR A I A S IR AR BT M S R R R AT ) AN B AR SR TR SR 2 T R BRI = A A B
CUAT 1015 AT SO A 1 100 2 T AR EAT B 65 Bt 5 VR P 3 A% 2 ST O MR I e A SCAE S 3 4 o L A0 I AT S A 1 S 20 v 114y 7 s
ITTEMNA.
1.5 HREX

23 b IR s U S A 1 0 SRR A AR AT bR B Bl Bl R 0 ) STA R IR 3 SRAT 55 AN AT DA 2 i 4 4 e
E A8, T L AT DU 25 R e YR R i B R AR R AR LA 2 2T AN B RE A B ZOUE AN T IR — S EGE RS
SVRAE KB PR 58 T 2 21 B R IR IE 78 245 78 1/ Ax U, 7T LA Feé 15 SR S o0 A 140 82 Y 370 53¢, 3 00 R S A0k e
FRACAN 2 1] 83, 348 T LA A 2 AR AR I8 o0 W S8 (310RT 0 T 70 8L S TS 2625 T 2 M A SCAS o 175 J 10 4 T R 2 TR R e

2 BOEXABRSERE

QORT AT IR, IEHE & 37 B3 A0S B 10 5 ¥4 2 SE B JEGE #2110 32 22 07 %, 10 B A s 2 R 0 A0 A8 R AR KRR B B e T R4
W5 H ARSI 2 (R A M FE B DL BT SR F RS S v2:. OO 1) I AT 15 Ak 2% 1 R 1) 2 AR e S - (D) 4% R E A 2 7
H A7 B0 B HE (Whether there is labeled data in the target domain), i] LA 43 2 B4 AT YA 498 20 14 85 40 3815 T 43 98 5 v AR VA 9l 5%
R, B BRI A > B I AR 2R (H R B e A 2 DL ZR— AN I R 8 20 5 28 78 B RIS 0 T, B A S0 P 38 B AT A s R 28
Bt A0 LA g 5K 1 U A PR, (AR S [F) 1) 4% BT A2 S (Sentiment transfer strategies), AT LA 4 N SEBIEFE 77 1 L REEIE
ok WAGER rvk. BT MR A R T A T A U iR SE . (3R $iE T FH R AN £ (Available number
of source domains), AJ PA 43 Sy S5 418 22 V5SROI 1) 55 49038 156 SR 3 SIS 05 2 A TR A A 1) I8 AU SR I8 43 2R i B 1 B R TR
B R U OO A R B A AR T ] 2 B

Whether there is labeled

data in the target domain

H R4 b 5 i e U

Transductive sentiment
transfer methods Tnstance transferring
B USRI based methods
EHLER AT
Inductive sentiment Feature translerring
transfer methods based methods
DA BT RHET R Ji i

Model transferring
based methods

Cross—domain text sentiment Sentiment tfansfor FERITRS 5k
é}i;iificatioE/Tiéhods ﬁ§;§§£%§%§;§
A TRV I R > v ey
5 SUASCAAR IS )5k Lexicon based methods

TR T

Single—source domain Sentiment—topic joint

- methods o based methods
AR U I 2y R TT ik BEA T & LS T

Multi-source domains Graph based methods

methods S IR )ik
B AT A A K7 v !

Available Number of
source domains

A PR ABIER 1 2

Fig.1 Cross-domain text sentiment classification methods from different perspectives

BT ANFRL A i U SOA R I 23 2K 07 1
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Automatically Extracting ~polarity-|

bearing topics (He et al.. 2011)

Stacked Denoising  Auto-cncoders
(Glorot et al.. 2011)

A Two-Stage Weighting Framework
(Sunetal., 2011)

Graph  Ranking for  Sentiment]

Transfer (Wu et al., 2009)

Customizing Sentiment Classifiers to
New Domains (Aue et al., 2005)

(Blitzer et al.. 2007)

Structural Correspondence Learning

Identifying  Domain Dependent/

Knowledge Transfer Mechanism (Li
Independent Word (Yoshida 2011)

[ [

et al.. 2009)

| 2005 2006 2007 2008 2009 2010 2011
Fully Automatic Lexicon Expansion Multiple  Classifier  Combining] OTL: A Framework of Online

(Kanayama et al., 2006)

Methods (Li et al., 2008) Transfer Learning (Zhao et al.. 2010)

A Mutual Iterative Enhancement
Approach (Wau et al., 2010)

Random Walk Model (Wu etal..
2010)

Spectral Feature Alignment (Pan et
al.. 2010)

Polarity-Driven State Transitions in a

Introduce More Characteristics  of]

Markov Model (Domeniconi et al., 2016) Samples (Liu et al.. 2018)

Domain Complexity-based Instance]

Features Extraction Based on Neural
Selection (Remus et al.. 2012) ures Ex i d ul

Network (Zhu et al., 2016)

Domain Adapted Word Embeddings|
(Sarma et al.. 2018)

Learning Sentence Embeddings with Semantic

Auxiliary Tasks (Yu etal., 2016)

Capsule Network With
Rules (Zhang et al., 2018)

An Exploration of Graph-based Algorithms
(Ponomareva etal. 2012)

An ensemble  model for  cross-domain]
polarity classification ~(Tsakalidis et al
2014)

Multi-source Transfer Leaming with Multi-
view Adaboost (Xu et al., 2012)

Adaptive Semi-supervised Learning
(He et al.. 2018)

Word ~ Embeddings  and  Canonical
Corrclation Analysis (Bach etal., 2016)

Sentiment  Sensitive
(Bollegala et al., 2016)

Multi-domain Adaptat
on Class Distribution

Embeddings Dual-module Memory based CNNs|

(Dong et al., 2018)

Multiple Sources via Consensus Regularized
Autoencoders (Zhuang et al.. 2014)

Dictionary based Sparse Words

Representation (Mehrotra, 2012)

Sentiment Domain Adaptation with
Multiple Sources (Wu et al.. 2016)

|

Short  Texts Through Sentiment|
Related Index (Wang et al.. 2018)

Spanish _ Opinionated
(Dolores et al.. 2014)

f

| 2012 2013 2014 2015 2016 2017 2018 2019
Sentiment ~ Sensitive  Thesaurus| (Combining Lexicon-based and Lean-based| Adding Prior Kuowledge in Hicrarchicall

Technigues (Vao et al 2015) Attention Neural Network (Manshu et al. |

End-to-End Adversarial Memory |

(Bollegala et al., 2013) Network (Li etal., 2017)

2019)
Transfer Learning with Multiple Views and Multi-source Transfer L based m1| Topic-Related TrAdaBoost (Huang Hiormrchical  Atontion  Gonerative
Multiple Sources (Tan etal. 2013) Label Shared Subspace (Fang 2015) etal.,2017) Adversarial Networks (Zhang et al.. 2019)
Feature Ensemble Plus  Sample 'ZOIP'CG' T“;'D*‘f_PO"d“"“‘ Transfer Constructing Semantic Correlation|  [Interactive  Attention  Transfer]
Selection (Xia et al.. 2013) (Zhou et al., 2015) (Wei etal.. 2017) Network (Zhang et al.. 2019)
Instance  Selection and Instance Transferring the Polarity of Features

Neural Attentive Network (Yang et
al., 2019)

Neural Structural Correspondence
Learning (Ziser et al.. 2017)

Weighting (Xia et al.. 2013) (TPF) (Zhang et al., 2015)

Taxonomy-based Regression Model
(Lin et al.. 2013)

Canonical  Correla

elation  Analysis  Across|
Different Domains

hang et al, 2015)

Deep Transfer Leaning (Zhao et al.,
2017)

Sofily Associative Transfer Learning
(Wang etal.. 2019)

A Link-Bridged Topic Model (Yang
etal. 2013)

Grouping-AdaBoost Ensemble

(Zhao etal., 2015)

Semi-supervised vs. Cross-domain
Graphs (Ponomareva et al.. 2013)

Weighted Simrank (Wei et al., 2013)

Fig.2 Timeline of cross-domain text sentiment classification methods

B2 AR R I 2 U SA 7 I 2 RARR A T

2.1 BEFRMEAPXNERERD L5E
FRE H AR Ak A 0 R B bR 28 5, 195 A S AR R 4 IS AT L4y B 5K ) 4% G #8 U7 ¥ (Transductive sentiment transfer
method) A1 A 44 3 1) 155 18T #% 77 72 (Inductive sentiment transfer method), B 5 V2 IR AZ 40 3 BT,

Unlabeled
target task
bR I HART 55

il

Source tasks
PRATIRAT 55

7D

(a) Inductive cross-domain
sentiment classification methods

RELEN P SN DIRFS

iy

(b) Transductive cross-domain
sentiment classification methods

FLE AT AT R ik

Labeled

target task
HEBRRE I H bRAESS

Sentiment

Knowledge
i R

Learning
Systems

53] Bk

Fig.3 Schematic diagram of transductive and inductive cross-domain sentiment classification processes

B3 ELHECR A 40 2 B U S A O R R i

2.1.1 BN BGE F2 77 ¥ (Transductive sentiment transfer method)
WlE 3 R A8 H AR SUK B AR bR 25 B A D0 T ELHE 2 BT 7 v A oK B R AU ) Al B B AR A I 2R A 1B 0 2K 2%,
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SRIG IR LS IR 2K 28 3 55 — DA A H AR Uk o 51 21,2005 4E, Anthony 25 AP H T 4 Ffoid I 175 8 2 28 2% 218 MU (H A 40
I s, KB Naive Bayes-EM HVE WS 78 70 FI A H br SUSAS 7 bR 28 H0HR BTG T i (0 485 1 A7 S S NS Rl (5 M H
B Ul SCA I B R 4R o, (R ) 2 BR VR ATUEER B B0 7 80 1 SCAS il i e #8200 b 1 U 03 AT 2 S A Amazon 77T
WHARE LIAR T 74.6%00°F S HERA R MR VAT B A B bR SUSCHOR (0% B T 4 8 1 ko 2 28 il B, Matthew 25 A LS5 & 45085k 7]
2 TA) A % AR ACLRE 3 S T 3 T 10 B e AT A 2 R A . SR i e N L2 Sl AR AR IR AT A 2 B X AR AT AT 4 2K
PR3 v BT BE SCARAE A PR 0 A s, FEAR A 47 28 2 B A A A5 3] B U AS 7 s B8 A o 26 ) A I, S B 5 SR SR I 1%
TEAEEE . S A IR HEE S ST T 71.5%0 P2 o SRR .

2.1.2 HghAE G R 75 ¥ (Inductive sentiment transfer method)

SCAAE IR 53 2 & — AN QUSRS ) L, AR T 2 A0 A A 2 S R bR R M AN 8 LA SRR IR RO 8 o B an 1] 3 o
7,5 B BB B L 7E A 40 30 00 264 IR AU R R K B T AR S O, B AR S A /D B R B AR B TR S A 1 R B A
SCAE A I B AR A AR PR AU AN A AT 00 15 e 2 B0 10 3 [R5 B8 R 11 5 A 17 TR 4 % 0 X A A NP T — R
T LR T B I B U IR 3 S8 Tk R T R RO R B A SR B0 AR A HHE, B RS USSR W) 46 bR A8 5% (Initial  data
labeling algorithm) 5 56 R I /b & A T AR B H AR S0k 80405 D, 25 T & BOd SR 352 AR 7= A2 — 58 B 19 1 1005085 DS 48 255 1) 09l 4k
DN = Dt u DS fE b ALl [ 2K A B 3 32 FH(BootStrapping) 77 72: 3K 15 B A SUEEE 2 1 /51 AT 45 B 10y A 22 4088 DV\D S F5- 1 R 3 4
P52 ¥ 5 HARSURE I 4 & R B A H AP B AT IE R AR T 5 5 AR B 2 A4S o AR HEAT S AR A5 B H bR U _E 4y
8% 1E Amazon 77 SIS EAE 2 L SEBL T 79.3% /0T EIHER 2. 4, Deshmukh 25 A B2V S 3l BRI 43 8 5 450380 B WL 3] 1 P B A
AU B 25 A A 0 1 2R IR ek (1 i RO A R Tt AR AR P W ASCRL . Amazon PR IR SR AR ESREL T 80.69% T
Y5 HE R .

2.2 BYUEERI BN AR R

2.2.1 s£f1iEF J7 ¥ (Instance transferring based method)

FH T 4903 ] PR 15 23 A0 22 e AE VR U R R A B 23 U R B8 o T B BR AR A B S B T vk 1 R B R AR X T E B4
35 %) L S SR U AT U AT DA R T I R A0 1 157 8 43 A B R AR e 38 5 R A B R A A AR 8

40, Robert 2 AL T — Pl IR AT 11 25 4 T i 35615 L 40088 A5 AR DL PR 3 A 00 A5U88R 9 36 7 7 925, 7 2 B 8 A S AR
JERAB I SR SLIR VR T TV AU D, A1 D; 1Y) IS(Jensen-Shannon)#{E Hi Kullback-Leibler P 245 2], n=(1)M(2) 7,

Diu(QUIR) = Seer Q(D)log 53 (1)

D;s(QIIR) =3 [Dy(QIIM) + Dy (QIIM)] ()

FEE TV, 06 IR A0 I S B DR /0 H VIR ATt R A A ) At R A8 BE RN ek B 2 v B B E ARATT#E Multi-domain
sentiment dataset v2.0 Z#E4E_FHUS T 73.4%00F X HERf %K.

Xia 2 NI 7 — Pl 05 5 F0RI Y AR S Al (10 BB A5 3 8 SR S At A1) i 20 e R AR 10 42 1 ST S 2 > — A B A v i o B 3 o
SUH AU AE A8 P 35 T PCA FRRE 8 35 07 V230 4T 52451 38 B, 7E. Amazond Fh 7= BB 3R S Se L T 77.5% K07 B e R R Xia 2 A1)
R T BT PU %5 20 1) SS9 308 8 A0 S5 A A J5 3 PU 22 20 8 S 5 20 — A B bR A0 a0 355 25, w5 MR 25 10 1 A 4 0k A I 2R 88 e
5 ) B BRI T A5 AR A AR EE I G — AN B T KB AR AR 36 DU Y 72 Movie #1380 # 3] Multi-domain sentiment
datasets $(#RSEILE] T 77.1%H0°F U 2,78 Video i ST 2] 12 MR HIRRIAT T 79.9% K1 F 2y ffi £ 9y T ik #x T H
FATUISR A 38 AU T 25, Lin 25 AR 7 — b 35 1 08 11 [0 V8 28, 2 5 et I 5 ) A0 O TR R s, 6 77 AR B AR 4705k 52 4
I T 22 AN TR 55 B B RS A AR 14 351 2% 7E Amazon Electronics, Books Fl Kitchen #3545 [ S2IL T 77.37% 1) - 143 #5 HE i
#% . Domeniconi %5 A 1@ i B /R RL AR Y 25 45 3 AL % o B I o FEAT 55, A P R A0 60 1 1) B AT 4 SR EAR T AR I K 45 R TE
Amazond F i PR BdE 4 EIKE] T 75.88% I HER .

2.2.2 HFAEITFE T 7k (Feature transferring based method)

175 RRAE 7S [R] P A5T3 m 4 A [ 114 AR 0F 3] 2 5K A Y AR HH 00 1) 155 3R] mT e S 2 tH I H b 400tk o BRT WG ARRAGE 114 4 AT 22 BELRS T 1%
AU 17 BT A% R AR ST B U7 V25 2 B R TR AR BIUS FR J7 V2, 1B E R I A0S S R AR AN A SRR TR PR DR B AR AT U
ZHT,— N ) TAL B D R R AT I S (X A R AE ISR A O 1 5 U 8% 3 28 SR 56 R W 3T SL T 1 R AE R s e T g 2 4
W (R 2 S R R A .

15140, Blitzer % AUV PR AT AN B bR AU A5 b 268 055008 2 o1 B AT S AR AE /R R H T — P 45 4 — B046 2% 3] (Structural
correspondence learning,SCL)J7 2. Ak 3L 2 (X ) B AL 4 58 XA v FLAS B AR PERFAE, SCL 1A% 0o B AR Jd o 2 7 At e o
R IR 0 3 SRR AR (9 AH G 1, TR SR B A [R] 40 3 PR AR AAE AH 56 M A5 P 4003 3 =2 2R s I 2 1) ) ) 2 BB BT DL G b HE T B E A A
.Y ftah 55 N POVSE & Gh ) — S50k 2 ) RO 28 I 45 B B 1 ol 2 3 i N R AR AU SRR AE (1K 4 R, R AR 4k 3R T T2 ) AT
55 [ 2 > S8 8 3o 51N TR 25 0 ] 1 AR R e R R B ) P TR A 4 v AR 1 2 A RE DL BRI S NS AR S



8 Journal of Software ¥ A+54R

SimRank 532, DA SIS ] (14 e SLRRAEAE 91 G2 04 S 98 76 1 AR7 A1E 22 8], 44 VR U380 RH A S0 PR AR A B S5 380 985 0 (%) AR AL 2 TR v A 235008
/b R AT AR AT R B 3 A 2 Sl A N1V B 4 G 1) SR OGP 40 AT FRRAE IE B 27 20 SEmE, 23 BT USSR s AR AE AN L =2
RFAE 2 10 f) S 6, - 38 9% 45 385 1) i 1) B 2 2 M 40 S 2k R 4 2 NP3 1) 00 S 5000 R U A S5 7290 7 5 403 o 175 el ok, L7
I A A Al S S P A v R ARRAAE R 8 T AN () A s TR [ e SRR IR 7 ).

FEATIR AL 2 (XA FFAE (Pivot features)VE A 22 ) #5 B N Pan 25 NPTHRE H T — Fh il R54E X 57 (Spectral feature alignment,SFA)
SRV 55 2R 1B A [R) SR P 49T A 5 AR AAE AR AAE R 4R 2 8] 1) FLAS R A N s 3) o,

. d
1(X;D) = Saep Znexizeo P(x, d) log, B2 ®

TEL TR, S AR B A5 AT LAl b T A 403 1) 03 5 1) 9 22 e, T U 25 B B 0L AR RS B 20 25 48 7E. Amazond T 85080 0T 10 25040 42 1
SentDat £(#5 8E b 43 HIA 3] T 77.71%H1 75.41%I1°F B #E i %

Ui, Wang 25 \P31iE 7 45 80 55K 51 (Sentiment related index) i £ 4% & 4lidsk b A~ [8] (37190 70 & 2 18] (S B, R4 7 —
Fh IR T 15 R 52 R B 1 S AT 1 Ik 4 2R B0 7E RewData $(#i4E(Computer. Education A1 Hotel)fl DoubanData %4/ £ (Movie.
Music il Book) Ik F] T 82.3%1) T #EM SR Wei S5 NP H T B5880E XA 5% B 356t N2 7 725, il H2 5k B AN [R] 4008 1A A ABL I SR
AIEAth EUUR A0t A B b U [ (AT N A SRR AR, 1 2 3 10 A ALLRR AAE X I 2 46 g ARVDL FR) 4 IR AIE 327, A RIOD 1 I ik 22
P Tareq 25 A\POMi F 4% 14F WE SR I S IR FE S 54T AN A 40085k P03 B AR AIE, R FE A 28 DL ot e 5 0 = e i i 43 7 V2 (5 S 0
FUARL BE A D AR 56 7 FH 385 4T3 1 UK 43 284155 . Zhang 2 NPOSR T — B3 T3 B 25 30 10 47 R B4R 4 Ff S5 s, P AR AL P R i 72
T S0 TR0 I 3 A AL PR AR A AT 17 [ 4 288 A ARTARLFR) 1) SR S R R AR AL A 2 BRI N B 1R B8 bR b, mT DUS. H 3185145 & A
25 AU SRR 43 2R AT 55 Zhang 55 AU FS YR TR AIE 0 A% M 31 b AR A P AU T (KR AE A A 2.

2.2.3 AT 7 i (Model/paremeter transferring based method)

BT B 5 S BT 1 85 U K2 R SR AR SR SO I IR A R SR L 28 5 S HEGE S B kR . OF
1077V 8077 T R FE VR AU IR B AR B2 T B A U (0 R I, F EE AR AN [ B (DI ERR R i 24, () andiT 3t == 240 Rk A
o[ Fh J7 2 SE B Y S H T B

114, Bollegal % N\ POV 5 A5 175 8k 43 28 1E A ik N 302 SIAT 45 Wi T = e R B0, 23 )2 36 RURFAE 1 40 A1 0B v 40
BOUR AR LI HAE B TR AT B AR AN T BR 1O RE A 1R T LART RS D 8 e — A SR 2R 1) 43 288 28 78 7S ) 1R 450 458 2 T AS B 1) 1]
R, 0 H R A B R 1 40 A1 RIS A R 6 20 A A — B %, Zhae 25 NP7V P o 4 0 4 1 fR4REAE 6F 57 (Feature alignment) 7
VR T A B AT S M T 2T SVD R 17 i, s (4) B,

Msn = Unxm men VTnxn 4)

Fo P My 9 SCAHE B, UROV D 15 A8 6 B, 00 %58 A7 6 a0t 23 A8 P DA R0 g 9 4 g 75 AR AL

Li 25 N DBV tof 5 451058 S AR 175 T8 4 24 1) R HE 77—l iy 280 s 00 X 01212 10X 8 HE 242 6355 79 o 5 0 B0 2 R0 4%, ) 2 15 T
53 AN 73 2488 1 TR 11 R T P ) %, A5 45 328 455 1 ARF AL BB 0% B /DN A0 A7 I8 40 A 1R 28 () B SR AR R U AN B b S 1 O R
AR R A7 % 2 PR AT I 2 il Bach %5 NP H T ) FH 38 FH 5 3 R AT 4R 2 o RTREAE 7 25 1) B 8, 05 ] 1 N R g 28 A 56 2 4y
BT IS PR I 15 AT 1 TR 43 2R AT 55 . Glorot 25 AN LOMR M T — ol R B85 25 o S WS A w175 T8 2 A 2% (10 ATUSala 7 M i) R 3 ol ) — o o B 2%
1% H 4ih%(Stacked denoising auto-encoders)3k 35 5 VP18 1 H & X RN, IE Amazond B 17 B 118 5256 3% WA FH & /2 I RRE
PN 1 20 28 48 BT T SR Ul T vk A S A R — B Ak A ST SR Yu 25 N L0V P e 4 o 8% SR T B A ) A7 U 4 2K i R R R R A
HENW AR SR T ) TR N AE B8 USRS IR 20 28 B IR R I IS 22 SIA) T RN RIS SR 20 2R 88 I 0 6 FE SO RE . ML, Bl A L T
AR EIX R 1 79.6% 7 HER 2.

2.2.4 TR ML 7 7% (Lexicon based method)

S BT FEAR BT R 10 R 1) it B U i T 1) it 1) O vk ) AU Y R 17 ] L SR SRR AU AR SE ) TR R A B AT SE I
75 I TR] L, DA L R e 5 AR 1) S A 15 SR 43 2K il AL A9 1 Mo S NP T — iR A 17 ] SR 2% 2 ST (08 AT b S0 SRR
IR I3 R T7 R T S0 IE U081 ] BB A5 EE L I AT R AU R AR JE AR IR . N JTIEE L GiH(E SR TR T R
g 3L 16 ANFRAE A 73 S 35 i I A58 A [+ %) 9] R0 23 28 2% PPk £2 HA 1 J7 25, 78 7R 3C Hotel s Electronics A Book #(#fE 4 L3Rl T
86.8%11 T S5 HER .

Dolores %5 NP2Vl 56 74 2 15 1 )5 U A & 7 — P Wa B AR 1k 2 28 R 8. 51 N AT T () 37 8 )y SOL AT iSOL, e 9% ] 4t Ay i
N AR ) eSOLHotel, F 717 5 AU PPAl 173X = /M5 86 g (1) 9 28 2 . Bollegala 28 A\ B3V A 5 400K ) AR c 2504« IR AU AN
H A5 AR A 10 ) HH 6] 2 — AN R ORI 23 A 2R S R4 tH ARR R, RO d B HEFE 23 score (uy, d) W (5) PR,

N, djTwjw)

N (&)
Zl=1dl
ABATIASE FH 1) SCAA] R B FRE AR AR AE 73 8% B AT VI 2R I, 8 B R0 22 PATIS  A Mh 8 R A M 1) AT 2 A 5% o A AL 2

score(u;,d) =
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FEHAT T RIS ISR, 75 Amazond FhAIIE HHE 45 I8 B 81.91%F 35 #Eff 2.

Rishabh % A2 i 22 45038 B R 7 AR 28 PR R K-SVD B2 5] B — A3 T 6 5 26 R {017 e, TG SE B B 2 ST R B AL 44 58

— A FEBI 4 Y, K-SVD f B 52 38 3] — AN d DA — A RBUHBEX, T /MU R N R 2
arg minpx||Y — DXz (6)
subjectto ly;ll§ < T V; (7)

Hrpy RN FEX 1T, R R E 0 AN B BE J7VETE Amazond Fh U R BRI T 81.25% X HEff 2R

K, Li 5 ANSAREE N (Rotten tomatoes) M3 A1 IMDB £ 37717 2 24 ) FLEL DR 16 P 2 S1E 5 RoR MBS £k PP WL A
P BB T — PR BB AT A ALl I R YR AR AR A0 1 ] - SC AR B AT 52 2 BRI I G B 0 R, P T T B Ik
HUAE) H bR,

2.2.5 BLE 1K 3 A7 v (Sentiment-topic joint based method)

=B Y (Topic model) A& PAAE B 22 31 19 77 A CAE R B2 & 18 L 45 #) (Latent semantic structure) 4T 228 (Clustering) I 4 it
R RIN2] 3 RGO Tl T ) ARAE 35 AL 3 T (45 BT (Semantic analysis)F1 SCAS Y2 4 (Text mining) [ B, 451 fin 4% 32 % SC A 3R 4T U
B o AN o U T A R 3 R D VR AR BE R ATUEORT I b A5 e R R 5 ) L, T 3 T DA A A R AT IR
MG A0, 7= it VPR R 2 A U P AR AL AT U W (Price) J& 1k, HEL 377 PR P AT “Bf 3 (Screen) Al HL it (Battery) 55 J 1.

He % N\ 225 3o o adh 3 R0 00 BBk £ A5 28 EDUAWE 2 R 4 110 2 A0 8 3K 48 2 S0 N 0490 s PO AR A 2 T o R0 T 7 P8 ) R AE A 5L 3
i A HEAT REAE A 5, 7E B ARG B0y AT 55 LR T AR U A R0CR, bk U vk 17 B BN 7 IR A 1 2 B0 0 AR A b s s Y
(In-domain) Wl 125 R, MAITH2 H 1 Joint sentiment-topic (JST) #AL7E IMDB [ HL 52 209 42 F1 Amazond Fi 8535 T 18 £ 48 4514 2
T V35 4.1 % 0 3538 S35 2k DR T 5 AR R AR 2, Zhou 25 N Y T 32 B — B0 AT B (Topical correspondence transfer) 572
B I SUAE R IR ] - SCAHE BE (T 2, B 1 IR 5 2 RN A 52 L A ) 2 R — S0P T DAAE e Bt a2 3 [R] Y
75V AT Amazond RTS8 B 42 FIAF] T 79.43% 0 T ¥ HER K Yang S5 ANUHE H T —Fl Link-Bridged 3= RS % Fil i 4 Bh
4 R 4% R BSOS 22 1) T S TR B2 1A 6 51 56 28, 92000 Hh 1A 4 51 56 R T DA S AS [ AU 1) FE 2 4 2. Suman 25 A 9VB1 ot b 22 i
PRFNAE Gt AR ATk 2 8] (Y S i S RS 24 20 $2 HE T —Fha] 7 R 1 Social Transfer #5574 {8 F7E 28340 LDA A 2% >4 A8 It W A4 (1) 32 8,
I FH SR Y T 4 2 205 A AR A A9 400 38 e B = R0 ) 2 7 v A 2 A0 2 [ T A T 3 2% 2J (Spectral learning) /5 ¥ 2 =) 185 43 11 3L SRR AE
FeoR, I S5 1B Ik O T B8 4 3 4 M 46 B (Laplacian matrix) 75 2 3 8L HAUSCON 10.2 million Twitter #7035, B Ax 43k~ 5.7 million
YouTube 4}, 7 YouTube -LAMIIK L SEHL T 75.5% ) PFAE #ER 3.

Huang 25 A\ 7 —Fh 32 BRI 5% 38 30 1 32 FF (Topic-related trAdaBoost) s AT sk 1 B 43 ZEAE 48 A AT Dy 35 538023 A 4 $12 S0 AY
HIAFUIRAT 2,0 T B U B 4 22 B . 32 36 45 SR 3R B TR-TrAdaBoost 3 7 SO B T 5 40038 ) 3 3 AN & # :, 7E. Amazond
AT IR AR IR BT 76.0%[00°F 35 1E i 3. 9k B NUOURAE 4 FlTA 5t R Bk BEAE BERUIR S SR T X Gk
S 2528 ANV X BB AE & — AN AL A B 48 FH P [F] 2% 3] (Collaborative learning) 1) 77 V2 647 B UI8A% 188 43 2T 45, 7EH XL
4 MU JE (Hotel). 218 A (Notebook)s ZKH (Furniture). #ALAHML(Digital camera))Zi#i4E I IT# 3 Hotel Al Notebook 41
KB T 75.0%F1 59.0%[H F 4.

2.2.6  FFEER 1) 755 (Graph based method)

BT B A S T 2 B AN At %) B A i R e 6T T R A 32 R I i A A 2 R T TR AR B ) B I 1 R Ay SR
T3 VB A S S TR) A () [ 155 A 7 R, ST B A3 1) H b ARk 1 155 R A% 326 AE 155 R A% R BT PRI RO I ISR AR B SRS, 1
AT 1] B8 SO BR 4T s o T 38 R Al B8 B R, D) B v P SR AR B BE s oz, TR AR

Blhn, Arun 25 N T —Fh 56 B B03E RS 2 SIRF I, A3 L P - SCAR-RRAE (0 = 30 B A bR B8 HOREAR « P P 0 S S 3 R A 3
ANHT R IC R A o R IS R385 HERR — B0 F P R ) [ AR R AT R — B AT R e SO R 1) R R B e N PO R AT
FH BRI A SCAS IR 4 O RGN N B BE ML E AR Y A A B2 S 15 B SCARR E B AR 2643, DA I T B bR UL AR B 241
175 AT 170 6 b, Wu S8 LSRN Pl e B0 7 PR 281 i A0 175 6 285 o O Y00 A48 0 RS 0 s 25 R e 43 1) B A 28 R AT 16 AR, IR 413 3
WA SCAS A B 15 2800 1 18 B T B R (8) BT,

k P k— 5 k—
st = a X jen (05 x ") + B Tpem, Tn x 50 (®)

Hri=12na+p = 1,0, 800 AL s Jo i 8843, Ui JAT 9 —F S FRIAT B4 .

Giacomo % ARty — 3 T T SRR} R Bl 2103 (1) 25 A0 A U3 43 9 07 v R A 1) JELARBLR o i) 7E 4 B o 1003 L3 A1 15 R kAT
AL T SR SORS TR R 2 s D TR AN AN R 3R] D — A 6 AN R SR B 2 R0 — AN e 3 B IR RE R AR R L HOIR SR OR
] B R ), MR AT PR AR R 1] 1) s U R 1] 2 B IE RS 5 31 AE Amazond R TSR B 42 B SCHL T 77.75% 10 7 B HE R

Wu & NV 7543 il SCARIIR 1 4 Fh 56 28 76 A A AT T R 1 A5 B, 3R T — Ak AR 3 588 27 2T 9 SR () Y
175 188 70 b1 A EL SR BB ) SCAR M IR] R BB I A9 SCAS (] ) 0 175 TR 23 [ Rt 2 S Wi R AR EL SR BBR (1 SCA R 4 Book Hotel A1l
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Notebook 4 SLHL T 75.2% -V B HERA R Natalia 2 ALK 3 B )45 25 4% 76 575 (Label propagation algorithm) M 51175 B 43
FAT 55 P AT 5T T 45 SO B 45 R AN S 0 Ak, Bl A T T TR IR SRV A 19 ARUEORT ~F i B 1R 156 0 1) 3R I, 72 Amazond Fi 45U 85
£ LIERT 78.4%0) T HER K.

2.3 iR BN S A B9 2 )5 35 (Multi-source cross-domain sentiment classification)

DA D5 AN B AN YR AT S 15 A5 IS, 2 VR U AT bR AT R A 43 A A S AN RT3 BRI 4 B R B T A
Z AR AR AR B2 I AT IR R, 2 U5 B 2 ) 7 IR SR U B A0 R COR B R BR T B AN IR AT, 1T A2 ok T 2 AN IRATRU T K 4 2
VR 5 U 4y B 90 2 B L A T B s 00 J5HE A A s SR () A AN ] R 22 AN UR SO B, 2 SR FH B T SR B B ST
17 2.

MSEBE R 10 £ B Xu 258 NP T — ol 22 W0 A 38 B2 B2 T+ (Multi-view  adaboost) 22 Y5 AT % 2 X Sk A AT N TG
PRI AR AN B ST 55 7 B2 FE A AN 55 AT LA R IR A T 2% 20 o BEOTVEAAURI T 22 AU A0UER 1) 7 A 2 250 0 355 B A A
AT 55 2 21 i FLIR) 25 4 2% 58 W 4] /5 AS [RI AR A R (4935 8% Fang 26 NSOV b 4 BULE 22 /N Y5 AT AR 25 1) L 22 7 5 ) 38— B 2 AR 2
LT3 1) () 2 ATUE A8 2 3] 05 VML 5 VR e A FRR AT B A B 22 BR A RE AR, RS 43 T TN AR 2 A0 22 AN EATU A O &R Sun 25 ALY
FEH T —Fh Z B BeOUS0E B 7 (MDA, BB 5 A 22 AN R ek BRA DA R 5 — B BOR U B BE 26 22 3 38 I BUR SR8 22
/AN S A R 3 R AL R B (R I B 2 AR AR 2 8] 1R LE 19 38 B L TE Amazond FR AT R R 48 B SEIL T 60.14%(1°F-1
HER 2 Hu 2 NP2 T — R 56 T 800 A3 1) 22 JRATUE 7 14 59 (MACD). 28 40 A5 45 S8 A T MBI A (0 905 A 33 o i 38— 3 Jo 1k
By AR R T IA  F bR 25 RE AR A R AUEURT H A 4503 1) R AL B A 3 & N B0 SR B o B A 2R A B B B R 2R
. 4E Amazond AU VE IR KR SE LTI T 79.75% P S kR 28 Li A5 N PIE 22 ANRATEOE I B — AN RR e UK ol R BRI T
A ZHREE - BUNZRAE LR S e 2 A AU T AR 25 80 B AT AN RN 22 S 80 . IR B AR AE B I GR Rk 3 8 38, & T AN ) 10
KRB o KRB 2 7 H 28 RAMELL,TE Amazond PP IE 10 B8 S 404 26 LB 21 T 80.1% M A K.

MSHOERE 0 F B R, Tan % N5 SCT 220 # R0 22 5 AT ISR A8 27 51 42 W8 T — i 1y 032 i 1 R R A [0 200 AR 050 435K 1)
1R e AN T 905 AT S LA i ) 1 6 £ 2%, T AR AS ) A3 2 8] £ 20 A 2 5. Zhuang 25 ABOHR H T — i 22 AN VAT 03 7 2%
SIHEZL(CRA)FE MG HEBE o R F B 2 5 38 140 & MAATD 46 T 9 A 3] 2 2 7 (V)RR AE IS, VR 5088 R 250308 Pl 2R 22 A 43 S8 88l AT
005 — S5IE Ak A B 5 A R ATSRE A () T W 25 N BTIZE AN 7 b 2 (9 I bR A8 S50 o ) 1) 175 T P 6 R 10 35 B R 1
T T R T D R ) AU B B 75 vk R B R G 4 e [ ) A R R AR 0 7E Amazond A AT 10 B 4R L Sk
LT 81.97%MF¥IHEH %, Yoshida 55 N8B H 17— Fi DL S ik 3455 B0 4b 2 22 MY SSUAT 22 A H b 450 475 1 78 B A AL v A/
WA SR SRS BTSSR E L IR W ARSI AR RS I SCAR S Gibbs SRATHE WA (1 24 IR I B
B A AN 1A (0 AR P R AR AR E G R B 3L I L A AT Bl B ) T3 3k 3R  : IE T great,good,best,excellent, 41 T
bad,instead,actually,wrong, ' {4 quite,long,right away.Electronics 4538 {1 $135KF %€ 17 small,light,soft,Kitchen 45k [ 4513845 1 17] 9
stainless,sturdy, fresh,healthy. X & 7 25 AUV S 80 B FBE B > 10 FA B B H 77— i 0 1 4 BRR BE B S 2% T 1) 22 YR %5 A0 S0 AR
18 Ry RV B I I A 5 2 ST R AU R B AR U AR AT, e AT SR R S RS B A AR
2.4 FEIREHNIBRGTE T A M AL (Comparision of different sentiment transfer strategies)

FRATTXT AL Gt B A5k 3E N 2 o AR 3R M T VAR T B i (Amazon) #E 3C DVDs. Books. Electronics Fl Kitchen 4§ 4 M40 1 75
LIPS TR 2 kAT T R, 3R 3 s,

Table 3 Different sentiment transfer strategies, methods and classification effects

R 3 AFENEROTHE SN . J7 R KL R RCR

15 K iT % K W& (Sentiment  $% 5% (Typical methods) HET % (Accuaacy)

transfer strategies)

S4B T T R S R RE AR L) T R R R AL 77.5%,75.88%
iR 1

FEAEIT RS 77 P At 55T 77.71%57

AT R 7 1% T N R S 4 A7 1) 77.8%)

BT 1A e v 175 IR BURK 1) o A7 2 7S] ) 81.91%"

I 17 UK L V2 AR ST B T 76.0%!°!

BT BRI ) 5 BEF PRI b 25 A 1 S0 78.4%!7")

ST RS (2 YR AT BT 2R3 0 22 Y ATUE R R, 79.75%%2,80.1%!%)
L bR SO

BHGER (IR HUR) 1 18 ] 0 4TSS AR ol B BT, SRR 81.97%!°7,83.1%1

REER 3]
[ 3 T BRI A ELBE 6 F i IS A K7 v 22 W Ik 2 P A S B A BT R v K019 1 0 2
SRR WIE 25/ SIS 2 P 76 500 PR AU UG 0 R T LA R PR U820 2SO 5 5 BR824




RAEE F AR R F R £ R R 11

P 2 AR U A5 2 V11 5 50 5 e O ABE TRY e A T i e 356 5 3 Y 8 AR B e i 5 22 A 2 TS 15 1A

TE B U SCA G 2y ST TE 40 0, 9F 78 3 22 2R Y S B 1 RS AR ST A% 10 77 42, 3 P A 7 ik O EL WL, L o IR 07 10 T gt R k.
L SEBITERS 7k B R BB SCHE AT T I 2 AR 2 L IR B SR A AN (R AT 8] 22 S ORI R AR A JF AN ERAR . RFAE
TR T i R AT P 7 JERAREALE R R AT AT A A0 PR 0 4 A W S 38 498 — PR 2 1 T LU R0 AS [R) U AR s b ) 22 .
A5 RS A% SR AN [R) T 5 A TR R AT R0, R TR BESE A% J7 iR O DS, R 22 BRI A8 (0 77 1 45 A IR PP 0 I 4 SR th fe 4
K 2 B U TRy R T TAR B R AE 6 FhJ7 vk, 2 T3 i (0 75 AR T B B 45 R (B R AR A O 15 JA] S SRR AN
T35 a0 IS 1 R AU i T BB R R D7 VR G A A G RO R R T PR R TV A R R B U SO A SRR ) S L TS

3 REIBFIRAEBEQEIBERSEFHINA

3.1 REIEFE S (Deep transfer learning)

TR 55 STASE R SE B 2 7 A5 1R 22 BRitZ A 2 55000 1 46 X 4% BT DA 75 B2 K 0 B0 A R BT (0 485 SR, 75 T R 2 & i & 102,
SR A v 457 72 A0 ) R IR 2 i S I TR HE 1 3 4 R3S 2 ST P I 1 IR FE 3B B2 %4 31 ”(Deep  transfer learning, DTL)%Z E| T
T2 SRR AN FE A B AE AR AR IE AL HE AU B T AR R I U R B A R 2 51 3 S T R AR ) R A5 ) A
G R RR 23 2 B0 1 YR ATk o 25 3 0 R AE 2R R I A% 3 H AR A P, DU R P R B 0 28 I 6% 1) P B PR B e H AR U I AT 55 R LR
FEIE e 2 20 W] LAJBORA U388k ST [ 43 AT PR e, A R0 b B b ST I 5 25000 1R RS, 38 W] DU 28008 f o BE UL G IR

CL G 1R o £ IO 2% ST 6 3 B 50 92k 14D J2 A A 52 80 1) A 4TSS 0 R R E . B 35 X 4% 2 250 10 30 407 R, A5 1 3 7 A8 e 52 A, vl 3
oM A B 2 ARG A 1 8% T 70 J2 U B AR FE AR R R B L M50 T 5 2 (1 B S AT 45 PSR B AT B 2 S B (iR R R ) R 2
BN 2R R ()R AR Y 7 R R 1Y) 2, 0 AR DG Mk i, B R R 56 A DT3B 8 TR AT 55, T 0 v I 2 PR A M il s ()Y
ERAE RS, 2 S B Z B S E0 BG CB . TR M 7E 5 BT A8 I, 75 22 ] 58 3 2 248 IR 45 M F0 S 8, BB N 5 v |2 2 40, mT L
R ANz A

T8 S (Fine-tuning) & — Fl A3 28 (VR BT B 2% o) BR P AR IR BEXE B 22 ST 1015 50, % I S 10 050 AMUSaR T i Ao 22 0 265 33847
TR 2 2 ST AT 450 P B0 SR SO SRS D B R B W SR N GRIEAR IR B AP 4 R % K E BT N JE S B H AR 1RG5 N
2, BRI 2 (P 0 T 10 HC At 2 D00 B L3R AT 40 46 4 AE A5 FE B R SO0 I R A 3 AT 15 2 IS [ A I i 8 ) 246 P IS 6, A 73 P SR S
() 72 YR AT 78 3 Sk RS B R0 2 400, RUTE I 5 B AR AT 45 IR AR e 2502 s () FRAT T S mes, BV ZE I G 2w ] DS 7 10 28 D S 0L
;.

TR IR B RS 2 S R AL R S 2A 5 TRATIR D AN IEATE 55 Ts, B AR AT D Al B AR AT 45 Ty, IR BE AT 7% 2 ) B0 18 FH Dy AT
RO R FE B R R Dp R TIOI R B R 2 T R AR fr (D B E 2] D = (X, P(X)), Ds # Dy =W VR AR H B AT SE AN TR
(Xs # Xr), B0 J5 AT AN H ARAT0 208 53 Aii A [F (P (X) # Pr(X)).[AEE T = (Y, P(Y|X)}, Ts # T MR JEATOR H br AT b 2
(Y5 # Yr), B PR ATUEAN H AR WU AR 20 A5 A F(P (Y| Xs) # P(YrlX7)).
32 REIBFIEETIRIERS LT

T SCA R A 2 A (0 1 AR 17 R 20 84T 45 P, T LR N B ARAE 5 RIA I HLEL AN BOT R LA A K . R = A
W v BN A2 A TR, T R B2 AT 8 2% 30 0] LS 25 PR A AT % o 2 00 10 75 SR, TR AL 2 B2 A 8 25 S e )32 B P T I8 A 1 Uk
9y FAT 55 AE RS GBS ANE AT K0 B FR A AA T B RT3 S iE R B AP IR Bk BUA & IR
1 BAE XA TR A8 I 38 IR P B8 2% S SR RO B A O 1) A7 B IR

FATHH Tan % AfE “A Survey on Deep Transfer Learning” — U2Vt IR BE T B 2% 51 1) 90 2KO7 VR IR BEE B £ 21 00 4
2 BETRPINRETR S BTN IRETE YT BT MR EITR %I ME TS IR TR % ) KA, 4
A A B X B A0 S AR IRy S AR R AT B4

3.2.1 TS IR B T 7 2% 3] 77 ¥ (Instance-based deep transfer learning method)

FABL T A% G 1) 2 T S0 10 17 BT B SR W, 6 T S48 R FE 3T A8 5 o0 78 A L 85 AT 1 TR 4 AT 25 B A AR AR I A A3 1) B4/
G A 6 R AT AR A AT UL 3 R, 38 28 340 40 TR LA A A N B H AR AT 4R 4 b 51l 4, Zhou 2 AP T — Flow ) i
T IR B 44 42 ) 265 (BTDNING), 1% J5 VA3 A% YR A0 I o 45 1) H A5 508 b, R IRE I 8 H A 03 1 o 4 SR A3 Bt o) 175 8% 4 T o I
SE T R ANAT 45, Dong %5 NPHRZE 7 ) AT AN 6 S50 30 I N 380475 18820 8 B8 4o 22 W0 4% v, 5 R B3 T+ CNINs ] B R B fg 2422 1 4% 71T A
WA ATz AL Re

Dong % N PN b 51 A\ A5 1B 44N 5008 1015 Bk N K6 388 FH 1 28 22 0 N 31 0 48 110 )1 5 2 v AR 3 3ot 35 T A7 i 2% 1 2L
P Atk BB Th 7R 25 A PRI B I RT 2 T DU B iz AL RE /7,3 B 7F Stanford sentiment treebank (SST)##E 4
EAE 20%. 50%F0 100% IR B 56 (1 2 A48 R 23 ik 2 T 85.06%. 86.16%H 86.99% 115 1 73 SR HER .

Sharma % APV F 5 A0 AS 26028 HL A ek 835 P RS 1 TR AR A5 S T S AT SO A I R AT 55 AR AR T —
T 35 2 AR 6 R BELR] b S ) 5 22 ] R 4 SR AR AU 3B 2, VR ) AT (R B R A AR L 2 IR T R0 B R,
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X2Ww) = ((cff —u¥)? + (e — "))/ )

Ferft e i wE IE TSRS o 6 H 3000 ey D9 87T SC 2 v AR S 302880, e D A8 I TR A7 DSOS o S 30 RS~ 2 KL

Cui %5 NV AV 38 FH T 95 AT 80 b 10 504 LA K o A 12 S48 10 AN [ S5 W 3R AT 7 B BRI T, 3 4 JE M B S8k 3& Y (Unsupervised
domain adaptation, UDA) 4545k 3 5245 AL AT 1 450 SO A 15 1 23 284 5% Khan 25 A\ U0 sz ARV B B S T SentiWordNet it
SURFAEA E I A BB AT WA % 2 B B AR 22 o B S 1) S LA A A S0 52 B AT BT AN AT 24N B R ILL R 2 AR AN A H
BRI AE O AN PR R I 45 B S T 85.05% M HERA 2. Cummins 28 A1 38 5o 2 AL 45040 1 5 5 5 00 AR 70 £ 1) 45 4 700 4 B 175 JR e
S 5 SR WA B ok B R EOR A5 A A B 45 SR Bag-of-words R IXTE A AT LR A3 R G PERE A ST, YR U R ok B
T4 237 clips f) Music Review Dataset, H ARSI N E 359 4~ YouTube #40f) Movie Review Dataset, /£ & JEHE FiA%| T
80.7%M P HE o 22 AE M AR BB B T 79.8% - 3 HE i 22

3.2.2 JET WG IR FEIE 52 21 7715 (Maping-based deep transfer learning method)

BT W R BT 2 ) E R T DURBGR JE RAIUER B b A ) 7E J AR IR AR AR 2 IR TR AR AR 43 AR 2 e AR VR SR B
s 9035 WS BT (%) R AIE 2 8] J5 AT R A AR AL 43 A7 . BE AN () A0aek B B 1Y) — o LG RCURAT 1 0 R 2 B K3 2 (Maximum mean
discrepancies, MMD)J5 % & H: AR 44 J7 3 MMD  J7 /2 Borgwardt 5 A\U20M WY i) — Fh 321 bR 20 A3 1 3& B 77 3% (Marginal distribution
adaption,MDA).MMD I ST F1 H F5 S0k R 73 A7 W S 3 728 4% A5 R AA 7 2 [A] (Reproducing kernel hilbert space, RKHS)H1, H 152
A PEATIR AN B AR AT (132 B 43 A ¥ 25 . Duan 28 NU2UEEH T8 2 4% MMD 5 7 80— ROl 10 SR AR S 38 T A0 78 2 4% 2%
>177 % (Domain transfer multiple kernel learning, DTMKL).He % AP i £ /M b % N SR AIE 4 8] m 5 A58k Sz 451 A B A 45 88 52 451 22 1)
(R BRBS B HH T — R ATk 3F B 2 B 2 ST HE 48 (Domain adaptive semi-supervised learning framework,DAS). Sarma 2 NP2 T
— FoRE AN T B S U TE RN AT S VA 25 A TR 32 SIS0 B 3R] kN (Domain adapted word embeddings) B % 55 #H 5% (1)
1] ) =1 FH S8 78 P4 A0 2 43 T (Canonical correlation analysis)BY & 3F 2k P4 A% i 74 M A0 ¢ 4347 75 2.

Shi %5 NG H 7 —Fof 27 7 45085k 50BN 475 SRRt N (K158 ¥, 1% 7 925 170 B 30 175 JER A A JE R B A B3] (10 AT SRk, T DA
BIR 8 AN A AT E P N AR B AT RN 3R T HL A1 MPQA 5 /8R L 7E. Amazond FiARIE S BIEE LA BT 81.0%F1
79.8%H1 V- BIHER .

Wang %5 NP T — Bl A 1 5 U A% 1% 00 R AL A3 A8 2 ST B0 B A Al 57 R B = TR T A MR 1 31— B A A AL HE 22
R X ) 5 R OB D e DX TR R B U AL 4 B, AT A R B L& M W 2 FE 1% /E Amazon £ 15 S Books. DVD Fl Music = Ff17™ i ¥
WHHRE LRI T 81.31% M~ I AR .

Jia 5 \UOSHR e 7 56T SC B U £ 37] % 75 (Words alignment based on association rules, WAAR)J7 i 3 it 2 =1 45138 2 [] /) 58 5%
BRI ), o] AR AS (7] Q50358 FR) A3 RF 7 1] < 1) 2 N [ 42 ST 56 3R 7E — e R FE sl VR A0S RN B A S0tk < 1 7R 22 S, 9 EL AT DL R 50
MR )25 U 43 28 2% BRI g U SRR X T R (0 PPl B B0 F A X (10) R,

Bsnara(® D) = Taepp(x, d)loga (o2 (10)

Savitha 25 AU 7 — ot 35 -3 52 (Tweets) P 4k 3 B3UIE B 1) 37 7 @ #5784 (Optimized topic adaptive word expansion,OTAWE).
TZ B R S A 32 45 B T ) SR AR 1O S, 7E 3 TR (AR SRR AR ANV A AR A R A SCHEAT 32 S B, IR TE B O AR P R S A B
FLINALTH

Gupta 25 NUOVR) B 7 2 W BT 8 2 51 7 VR THIR U5 (Low  resource) i I 7 AT 45 1 28 I 1% 7 1538 i 22 1 3R B35 4R 411
TN ALY IE WA A B T I 25, 7T DA 2 355 3 i I 7 2K R R PR R R Hh U SR B o3 2888 N

X . 1
f*=argmingey, 72%:1 V(xy, i, )+ YA”f”i + VA”f”i (1D

o Hy R A 445 7R A 5 25 18] (Reproducible kernel hilbert space, RHKS),V A#5 5% B AL || £ 11228 1E WAL 45 22, || £ |2 A & 41 0~
W Ry My B E S 4L

AR LR S0 7 S5 46 R AE 25 [A) A A7 7 A 22, (5 TT LA B S5 380 JF Ath A4S 0E 22 ), 0] T R Ak B H A7 002 T A 22 1 2 T DL AR
¥, Zhou &5 NI 1 7 —Ff iR &3 #% 5% STHE 42 (Hybrid heterogeneous transfer learning, HHTL), 1% 4% i [7] T VR 453 538 H bR 45U
P ATUAS A . 1) S48, 7 S0 0 1 D Y AT A AR ST IE B T 79.50% 01 78.46% 1 351 14 ff 28

3.2.3 BT ML IR B IE #5243 /7 i (Network-based deep transfer learning method)

BT 2% IR BE AT A 5 20 7 VEAT A 2 A5 IR A3 O S A B R A A T R0 B 2 D) R e G ) % 5 R RN 4 S 40T
B 0097 16 bR A b A B A A0 1) 2 o e 288 B A A B 3 4 42 I 4% 451 U, Zhao 8 NPV i S A B 4R SC
AAE IR AR S HE T — Pl M B 00 A J I T A2 AR Y N 2 B B M 48, 1 58 ) IR 00t A 25 5 Pl 2] LSTM R 2%,
JE S 2D = I EH AR U 2R A L 2 R 2% 1 R 2 S BOR B I 2 /2 2 50 TR H RS AT RS R 22 s AT %R 7E R SC Hotel
Notebook . Weibo 1 Electronic #(#i4E FSRHLT 77.5%M0)F ¥ e 22

Manshu 25 A\ SV} Xt 5 4085k SC AR 1R 20 SRAT 4538 HE T il S0 36 115 1R 10 40 J2 78 3 W9 4% (Hierarchical attention network with
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prior knowledge information, HANP). HANP HA ML 117 2 3R 2, ] I AT DA 3 5 17 J8FE G 1) 25 32 4 4] Fll ) ¥, 7E. Amazon
T4 Books. DVD. Electronics. Kitchen 1 Video $(#i 4 ik H] | 87.76%) 1 25 i %

N T A R AR AU AR IC 3 Peng 25 APH 51N — 28 H ARIbR 0 B8 2 S0 R AU 0045 U5, 40 S [ AR R AT s 4 e AN
ANAR IR A8 IR AU R B AR U0 10 B U SR 2 T U A KR ) 43 2K 48, 7E Amazond Bl T TE IR H0HE &R EIA B T 81.88% T
YIHER .

Yang & APSHRH 7 —Fh T B 4508 05 1 )2 0 I 2 217 3 S B (Neural attentive model for cross-domain aspect-level
sentiment classification, NAACL), | F 5 7BF 1% B 1 28 X 2% B0 34 DA R T W B Ak 3R A i A B i s R AL 24 30

Zhang 25 APSHRH T — Fh 38 B 2R E 2 /18 5 M 4% (Interactive attention transfer network, IATN) T~ #5454 5 A 4% J& 2) 2K 4F
% JATN it 7 —Fh2g B0 = ) B HL ) i i 85 ) - F0 77 10 30045 5, 7T DU 4 I B 4 Uk 32 AR R AN oo P 2, Horp— A
SR JE T AT 4 25 TR S AT [R)RRAIE, 5 — AN A2 i o P R REAE AR D 2 R S S B AR i B A R e 2R (12) TR,

__exp ()
%= T exp (r(nD) (12)
Hrhy 2300 y(hi) = tanh (h - W, + by).
FEAIME Bul(13)R(14)FTR,
i P
ﬁi = M (13)

TEM, exp (y(h))
y(hiy, h9) = tanh (hf - kY - W, + bg) (14)

Zhang 25 NGO T F 4508808 37 5t P 5 T I Capsule /825 18 13 45 ) T F 38 ) &4 SoF 1A 0 265 1) 380 2 - B 4k O R kAT Gt
T 40 o3 A0 3 AN A8 R U AR S YR 3 A0 R A A3 1) PRI A 2 1% T V20 O SO U ) N R B I 5, LA iR % ) RO 2 3] LA
Amazond PP T8 BHE 4R L STIL T 88.6% (13 HEHf 2.

Ji 2 N4 it 7 — A Bifurcated-LSTM P4, R T3 T & A0 LSTM. 38 3 B0 J 45 R0 1E 22 240 3% J7 72 7T LA PR 40
HATUIER AN A5 1575 T AIE, 76 N [7] ) B B 43k o $AT 15 18 M. 7E. Amazon FI-ERHATUE A EdE Lk BT 80.92% 5 A 1 18 4 257 1
R R

3.2.4 JET 0P RIIR EIE #5221 77 15 (Adversarial learning-based deep transfer learning method)

AT SEPLR AU R B bR U RO BRI RS 1 IO REAE R 1% 8 B bR U I B AT 5 R A R TN TR AU R B
PRI 2 AN AT [X 43 2 F 16, 28 T XS B IR FE IR 78 2 =) 77 15 51 N A Kt I 4% (Generative adversarial networks, GAN)H [ % Hi4:
AR AR BNE G T IR GURAN B A5 S0 1 A8 A AR R AiE.

Zhang %5 NOTUR U T 4y 21 78 F34E 470 4% (Hierarchical attention generative adversarial networks, HAGAN). i1 22 # #13)I
Zx— A4 2% (Generative model)Fl— > H 1] 2% (Discriminative model)E il — A SCAY [n) # 3 7~ (Document representation), & & & &
A X 3R U TE v X 43 (9. A HAG AN B8 &7 B X 1] 42 76 26 5. 0 (Bi-GRU B 517 A1 A1) - 1) BT SC(E B i B SO %R o,
7E Amazond FIPPIREHE4E LS T 81.56% 1 T35 e A .

Liu 25 N UOSR Hy — i 35 T BEOR 1) 45U A0 28 X 4% 5 1 Bl % BY # (Fuzziness based domain-adversarial neural network with
auto-encoder,Fuzzy-DAAE). £ E 6 (a) B it : LB FIMEM L& RAH T EUVIBERR; (b)5ks 8% WfFERe
B 91 )9 28 (Logistic regressor); (o)f&E/r 3588 : PH%E A 9 ld 10 2R 7= hy FIATUEE 4> 2R 28 I BRS KR ho (B NI B R 8 i N B e
SRR B KA R O T BN 2 BARFEAR B BE S, AR R AR B FLROH M SR b2 1) AR AR B LTI A 25 R n 21 i

B ZREE h  R 5 BRI 2R B AR,

B T LA b TAE,Omar 5 ANUOE B ARSI A 51N SCAR A AR R B AR S35 14 s b 2 4008 48,9 BLEL# T 5 T 4 LSTMLRNN
TRBE 27 ) () SOA AR AN B T B SR B 4 (Markov chain) B SCAAE Ji, 78 Kitchen 1E 2 B F5 SUSEHE 58 Fak 3 1 5y 72.0% I HER 22
Ak, Cai %5 N0V 2 0 1 2 g i 35 2 ECEL G 80 T 1) B R 2 S SRR AE £ FH 2 T Wasserstein 2 89 (¥ UK RN IE 38 40 R 4L
DA B B 1 A2 BCA [R) 45035 (10 V2R B8 SE =2 R A1E, T 1 40 A SO A 15 [ AT 55
3.3 REIBF I FEMREEE. (Comparision of different deep transfer learning methods)

AT IR L R 2% 3 AR SR A 75 V24 T & 3 (Amazon) % 3 DVDs. Books. Electronics 1 Kitchen %5 4 A~45i3sk (1) /£ 26 V712
BRI S AT T IR, BRIk 4 Fio

Table 4 Different sentiment transfer strategies, methods and classification effects

" 4 ANFITREEN BT 7 ik o RACR

TR T8 %% 3] J5 1% (Deep transfer #7570 (Typical methods) Y1 2 (Accuaacy)
learning methods)
BT 924 19 77 1 A SR AU BE 6 kA A O 85.05%"""

F T i Y ik T I £ A 43 81.88%
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BT W45 1 U7 S8 Y Capsule [ 41102 88.6% [0
RS EANIOWIRFS O3 JE TR R 1 O B 45 T 81.56%"")

M3 4 AT LUKREL, BT R FEIT R 2 2] () 08 U3 A 14 28775 1E Amazon 28 SR 4 LIS 1 B0 AORSCR, T L2 T IR
FEIERE 2 20 ) U5 3008 52 M vk b 1) R B 90 3900 5 925 A B A% Gt (0 1 IR A% U vk 2k IR B AT 2 31 19 75 i AT LA S B o ) o )
UG BIT FEAT 55, H 2 T8 4T ) 85 R M2 AL RE 0 0 LA (7] PR 1 T 8 SRS 32 T S8 ) VR 2 S 7% 27 D1 TR & T Se i 4% 77 10
VIR, I T WS 1 i R TR AL IE B8, 2 T 190 2% RN B O OR BE IS 2 21 U v TR RS 8 1) 90 ] 35 1 ST A8 F) 077 95068 3o xR A
AN S, L 6 B FA A P i o RS 11 75 92K B T 2 > 4SS Y 1 4 A 8 7 Dk 088k 2 T ) i 22, e 2% ik 2> 2 31 % 22, W B
A RIAR TN 25 PR RE AL 4 RT3 T WA I T7T RIS 1 S O ROCR, SEBL T i 88.6% 11 70 SR A R 3K it W 78 K LA
15 S b I A Y ST 8 SR R /N AR U, T DA 8O B2 T s S0 155 B 0 SR SR B 6 T I 46 1) 77 325 B 3o TN 5 T DA
A RO T L I 8] A AR L B A AR A3 T XU T35 4 & AR B a4 B, & T B0 B 07 15, 2 ARSR RO S s 9L 7
o) —.

4 MR RRE

R B TAEFI T 2 > BUNUIEOE B 1 AR o 5 40055 S0 AR 185 186 73 S AE 45 BUAS 1 AR R b e T AR R AR 22 3 B2 1) [v) i FR) AF 7
LA e B AR MR AR EARE RS N B ERRE AT N TURAER = 0 AR IR T T — B T Re A
FL 77 Al
4.1 Bk

AR 1, 5 S0 S A 1 A 2R BB ST BR R A A R

(1) HT AT R 1 53 A 22 57, R 32 VR A8 0 1R0E A B ARS8 AT 55,45 5L AR HH G AR 1T RE 2 S BT 72,

ST 22 AR B s A008 17 TR 28 %) A 28, B e s e I8 32 30 T) 20 SRS 5 R A K AR A v Y e P R AR 43 2 98 1)
#,Ruifeng Xu Al Lin Gui 25 A2 fg B Rademacher 43 A [ RIS A 44 4 B8 (1 28 068 75 56 o — 41 b W 7 40408 1)
AT R0 5| S 1R 55 70 S8 258 2R 27 o) 2 T I 20 22 F0 S 7 ik oh ) AR5 2 BRI IR “ T ” R — iRk B R w4
iR 11 i) B, 39 5 B X ) ABERIURE AR R AT I SRR IR BT A A Rk S i IR “ U RS IR OR AR

(2)  ASTRIAIE 2 [R] R ABL B 368 5 A6 ot 40 6 kAT 408 B, 5 = 00— 2K ) A DL B8 2 U s AT I AU S AR 1 IR AR BR T

AR A 35 K P 40858 2 1) B3 e, A i B AR A KK ) 4k oz i) B3 Y 3 A5 0 52 PR B ) 15 IR T B & — MBS B
i 0, 75 S T 5 3 P I A 8 B R v
(3) P WS AU 1% B4 SR I vE AT AT R R B0 B RS CUAR) 2 A L B8 I SE 5 i AR EZ MES U R Z A
BIE . 1B BB SRS 2 S GBS B P8 T AN [F)35 5 FUBE S 2 (8] (R AR AIE 25 1) 52 56 42 AS (8] 10, P51 b o] S 300 e Joit =
(AT 55 I BT 2 T — 20 B 7R AR TR ) .
4.2 REKMRFGME

(1) RETHERBIERZ I VLS B R A SR E B BTG B2 2% I HLH 32 B2 TR S AN AR M PR 34 v i U0 #
T B2, 045 ) R S R T B RN ) VR 5 R — B 2 20 55 55 — D7 T IR B 28 R R 43 AR RIS S A ) R S R T
VAT DUTE G b i YR 9038 P X H AR U 0 28 R R SR A

(2) RETEMETBZMAT WETIIE RSB 2 G AT LA 25 AN 5 AT 3R RN YR R 28 563 o 21 45 Y5 49135
G3 A0 AN [E R B b ek . 22 AN IR 903 T B AR A AT AR AE S RN SE XAE ROR) FH R A 22 A e (0 1 J e U AT DA ey
H AR 53 28 1092 A0 1 B B R O ) 1 B B B W R L

(3) BT SHUTL T SR EE AT DLAG S R I R R AH LA G A BT B 7V TR BT B A 5] IR AE I RIT
% 202 A i U IR A R 2 LA AR KAR T A S HOE R HR AT LUK & 2 )1 Gl I A5 B 2 0T B B8 I 15 B 35 )
AT YN S5, T 7E Y5 A0 SRS TR Bk P B SR s 2 A A U AL T B

4) BRI o B A B E R AR B BN H A U 1A R 4 AR PR T AR A K ) AT 2 R I A, e S IR
AEACL A 352K 1) A3 o V) B 38 U8 48 B3040 52 PR I 1) 155 BRI 8 — ML AR 9 %) Tl A0 0 A3 P e R AR A 2 AR PRI il &
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