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X RREEES (S 62206126, 61936012, 61976114) HEHIH

WE WEWNBEFTORERIRAESHLEEBRET RIFWIEE. A, & T8 & EAREERE
R, TEARERSRERLZTALERRFEEZETRIFEN, XIRF T ZES A LT Z T WA
AT RFXAREME BB AL, R RIE AR T ERERS K, R — A ETEEAE X2
BB EERS KT E BT T, 43 B AU R 1 £ 51 kR BE R fr e B iz A R, AR
SCH KR A AT i E BRI BUT AR Z F BB R ER S, 5N G BEARSUEAE T X
HIE R KA R B E ) AR 3 B AR B RIR A8 77, s & B EAE LA EE 4 AR
FHEBENEBANF XA LT CRT. ZHE 6 MNEFBFTAAERSEMEE LIHIT, EREKH,
S5HM 9 MEEFTEAL, AXHFTELE 6 MES LHIET kA HWIERE, £ FHEHERFY
macro-F1 B /MR _E H 2 Bl s F A DIFD 2 AR A 7.14% Fo 7.6%. B4k, BI{E DL AL T 45
# % BERT, BERT-ADA, RoBERTa %1€ 5 & T W %, &R XH 77 ik eE L3 3.5% LA b Hy-F 3o %
£ 7+ FoF 3 macro-F1 & 7.

KBER FTERBFERLRK, BB, MEWLE, EEA, EEFEN

1 5|5

AR, B R SCAS PRI, I T 32 21 7 2R FERN DAL SR i 5%, SR s
OIS B AR — SO e () T AR O RS  E (IEm ik i) 020 SR, R Skbrds St
th, FP B AE— BOCATH PR 2 AW B AR, JF B e TREA R R B e, SR, ORI R as) ¥
PRI RARETE BYBA 170 At FH PR ASF] H AR S L. Dk, — MR i e 55— O
2R 175185324 (aspect-level sentiment classification, ALSC) 231 RIZ T4, AR F ST A ) T2 175 8k
G2, D7 NG Iy K B AE AT SO R E T TH H AR (aspect) BTG AR YE. 2840007, 8T PFL “The

S| R2RE, W s, B FERANE XA R B A I S 2. R ERE: (G EARE, 2023, 53: 12991313, doi: 10.1360/
SSI-2021-0166
Wu Z, Dai X Y. Separated syntax and semantics modeling for cross-domain aspect-level sentiment classification (in
Chinese). Sci Sin Inform, 2023, 53: 1299-1313, doi: 10.1360/SSI-2021-0166
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tastes are great, but the service is dreadful” E& /N7 TH B AR, 70042 “tastes” Fl “service”, I /%
EATTHIE B B2 IE T (positive) FIBATRI (negative).

N T RRRIXASIRE L A% R AT AT S5, FESa R A A SO B o A7 18an] 055 BT URAE U RRE, JF
SEEHLAR S 2] S AT AR (4~ SR, JE TRAAE TR A7 5 5 B FER 2 (M N RV Rl R
FRIE. AHLEZ T, BREE S 10705 0] LA B 3 2 SIIRGE R SR I SUAR R OR, IR K98 7 N3 IE. 1
TRPE 2R S b, K TAE R A AL (attention mechanism) 7 SR $ SCA FR4ENJ5 T H bR M
Rt R i B0 R4S RAF I RCR. R L, AA1ZRL T 7 H 945 B0 AT 55 1 — AN B S i) i —
BRERRGR L. FETT TG P AT, —BOCKT RER & 2 AN T5 1 B AR, 4 7 b, drik o 2
R BT B T BRI E AT E A TE SO i AR, B R R IR, XS B0 RS I RAE
FAEAR Z U R T YRR, SRR, A el A CARE 9 BEIR R AL B U A S . B,
ARSI A DS AL E 156 S W I R —— B 00 55 T ) T 2 A e 0 2K

5 URAT 55 TP AFAE — D IR, ARG (8] o 6= — L8 R0R, 17X 2836 52 4 RR AT R YR 45
(source domain) IEH 2| HFR4IK (target domain), MITIHE Bl HFRESS. W& XA B, Hel 1#5 87
T 2% 5 1843257575 DIFD (domain-invariant feature distillation) ' PLX 5 HHEZ %% (bidirectional
long short-term memory, BILSTM) 12 13] Ry, 757 = L] a5l Aowtduas 2] B4 fEsR
FIH BT 25 R A8 M AT A BRI, R Tk, DIFD AR b 7 s 7598 3 T B ] (9 b R i S5
HH SRR, T S PR A FH R 43 A 55 40 DA O, 3% 8534 22 e o i AR A% (101 DT s i 32 2 T ML
| 75 155 U 7 T 175 IR 40 SR AT 55 B IR PERZ AL PE. 281, “delicious” IXANIZAEJT (restaurant)
AU P 8 P AR, AHE AN SR ILAE T AR F (laptop) PR, PRILAE 2 e A e i 581 25 )R 35
BRRLIT A% )48 T UM P BEARMESCTEE “delicious”, T I B 1R FO 1B B8 2K

e, ASCE U — R T EE R T I G 77 % AR T DM SR T B i ORIV e iy,
BT IERERE RN EEER FAVEER - WAAEE) A5 Hbs AL B A5 B RIREBUE & 1
H, R ERRE BANE S A SRR AT ¢, A1 R AR OGP, PRt B S A O U A . 26
AT, 22 1001 IR T AN A T TR 1 IR A3 AR, VR G 1ok H 2B O A BN PR S, H AR
)Tk BT PRE, 1A 5 A Hh 4 5 12 SR R0 L A TR PR AR RS, DR A iR R R T T H AR AT B
A3, BRIk B AR RSO0 F HAL S AR 877 1 H ARA AR, JCH R T ) B A
“tasty” FEANSHTEICARMPFE, (HEANNA SRR TR, RIS a1 B2
TEVEVE R e ] DUE R B H AR SUs i &)1 b O 1 Bk — B IS UETE IS B USRS A I 2 B G,
KRG T SemEval2014 155 4 B & T IS HHR A 10 A LIS B B2 1) e AR RS, R 2
Bl T B SOR SR 20 A TR MERRAS, TDAGEI, A T R T A P R 2 5
IRK, (HHT 20 B cia bR b A 17 SRR, SERr b, B8 i Bl SR B ATE R 100 7T
EMEARZERS, FATRINE 93 ANRARIFI, 3K 358 B 1A PR AE 7] —Fh i 5 A [ S 18] AT BT 1
TR,

BRI TR RE B RS SUR 5 N RA BRI S, (HIE3E 17— Pbas 2ok, 1E
X1 PIREB A, BPAEE VR R SR T B ARSI T B AR “pizza” KR AR “tasty”, (HE T
“tasty” FEAAFEPEGUIH A TR H B, BB AT RETOVE A 2 BRI AT S0, DRI o2 S v 1 P 17 R
Wr. Jyitt, A5 NG H PRSI ) SO 215 170 28 (document-level sentiment classification, DSC)

1) AEANEIE 5 00, 3 VER QR TEIE AN BN AN — 5 BT, {5 3 v ST 3218 TE S5 A4 I A1) xS B H S Hh il R 7R
gk, BRI, ARSOORUE R —FhiE 5 P IS ATy T 20 1 k2K
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Table 1 Examples of cross-domain aspect-level sentiment classification®)

Sentence Given aspects Sentiment
Source domain: the[DET] cpu[NOUN] is[VERB] very[ADV] warm[ADJ] cpu Negative
Target domain: the[DET] pizza[NOUN] is[VERB] quite[ADV] tasty[ADJ] pizza Positive

a) HIA J5 A S D% HRD R KR PEAR RS, TAPERRZE R B T Biaffine Parser (161,

% 2 SemEval 2014 1% 4 hEMRBESIAEN 20 M TIAMIRE ©)
Table 2 Top 20 2-gram POS tags in the datasets of SemEval 2014 task 42)

Domain Top20 2-gram POS tags
PRON VERB, NOUN PUNCT, ADJ NOUN, NOUN NOUN, ADP NOUN, VERB DET,
restaurant NOUN AUX, VERB ADP, NOUN CCONJ, NOUN ADP, PRON AUX, ADP DET, AUX ADJ,
DET NOUN, ADV ADJ, DET ADJ, PART VERB, AUX DET, AUX ADV, ADJ PUNCT
PRON VERB, NOUN PUNCT, ADJ NOUN, NOUN NOUN, ADP NOUN, VERB DET
laptop NOUN AUX, VERB ADP, NOUN CCONJ, NOUN ADP, PRON AUX, ADP DET, AUX ADJ,
DET NOUN, ADV ADJ, DET ADJ, PART VERB, AUX VERB, VERB PRON, AUX PART
a) I EHESE B ANE N 20 D JCiAERRZE A 17 AN R,

VERAEINAESS?, SRTHERLNT B bR U 5 BAR 0 B8 77, AR EL Tk (1) 77 T 2175 128 23 R8s, ELIDR Y
V0 ity o L R R R A B SR 15 SRk 7y SR, I HL 5 Tl g 11181,

e, AR — MR A I TEVEANE L5 #] (separated syntax and semantics modeling, S3M)
P 5 S0 77 T [ 73S0 1%, e e AR NI SO THI 73 70 3R it 07 1 175 S 7 2R A 55 B PR e FE VR
JETH E, S3M IR FE A I EAE BRIRAG 7 I H AR HVE = U AUE, T3 THE & L7 25 U 7
T 15 17 AT S5 I B e, 7238 )UZ T I, S3M 51 N BEJE ==& I SO i 1 o) RS AR AL I SO A
R SRR, AT R SR AR AN H bR A R SCRRAIEE 7T, S T IRE S3M T iE I TERE, ASCLE 3 A
Hl e, 4t 6 B OUS T TH G Iy AT S Bk AT TS, 45 RW], S3M L T AT s T
% DIFD. B LATRIIIZ51E 5 82 BERT (bidirectional encoder representations from transformers) 1),
BERT-ADA (BERT adaptation) [2°) il RoBERTa (robustly optimized BERT pretraining approach) (2%
AR AT A, S3M JIVEIRE SEILL 2 IER T, HE— B I AT G IE T S3M J7 iR I A Rt

2 MExIfE

2.1 FERIFRDE

T7 IG5 873 SRAE 55 B AR SCAS hRs s T T H BRI el B LS8 i AR SR FARAE AR 7
A, DB G L A S SRR /E N S M AL (support vector machine, SVM) 1% AN R T 1 EK
Gy WL BARUS TR A B, (HOX 2875 v i T e P B AROURFIE R SR (K B &, O HL AR 2L AE K&
NTIBHIER. e, Bealn i) AR B2 2 30 N R 37 TR G A5 1y AT 55 o, [ Bl oy 51 SO P BORFIE R
AN AERREE T AR, KTy 0k IV R UL SR A 2R 7 T H AR B RIS, R R & EAREAT
&I 28. BN, Wang 45 B 8 O TR R JIHLH] 91N B0 07 TS By AT % . FERLEEAG B, Ma 45 1)
Bt — AN A LR 70 W 2% R A2 HLI 2 20 07 T H AR AT SCAR IR/ Fan &5 101 URKERDRL FE VR R )
WU ANAIRLE B VE = UL Rl S 1E — i, &SR THE IR RO VERE. ILAN, A — L TARR A 2 IK0E

2) ORI B> B R 5 T B AR AU T 1 45Uk
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TR RAEST ERUS T REFRIRCR, EE13c 5 R8s U7 5t, % A BBl iz it
PERE.

2.2 iIBFE3

IR 2] (transfer learning) 5 7EKHIRAT 45 AR BB AT R B H bRE 55, INTITHEF B ARES
(R Re 4. 2 YRAT 55 0 H AR AT 558 T [RS8 AT 555 5 255 (0 00 A [ B, 3 Bk (R I % 2 ST R 2 5 4
BIERS 5 21, AR SOV IS U T T N 1 R & T AT S5 AENE T AT T b, L A
A T BT B S R TS5, W) T4 STRYRIE RIT RS, Pan 45 5 4 B ARAE XS 55 BIE
(spectral feature alignment, SFA) S AR 4T3 RE 18 17 A AT IE I 7] 2 [H] 3R I IC R, AT 9 /)N 185 403k A
T AT ARSI ZE 5. Glorot 45 126] 75 b 28 W 28 it £ Hi FH JC B 27 =) B S B8 SCAR T il 7
[P RN, WG, B0 I ¥% )2 (gradient reversal layer, GRL) 27}, X#1%%>] (adversarial learning) [2%],
HBNT 55 290 S5 AR AR FH SR BT TE DG FRRRAE . RIORELASE B2 (1) i AT 7 S 0 AT AT 55 A B, B 4k
THI 175 IR 73 AT 25 S0 HL PR ARME, DRA e OBt SRS I IR A, 75 25200 A 7 17 SR 52 9 SE AR 3. Ay,
Hu %5 MU $2H DIFD B8, 7R3 = UL i 5k b, B0 s I 02 =) A IEAS 1) 75 T H SR BT 55
SR ARG S B ARFAE, AT REAT 8 S0 ) 7 T 21 B0 2K, 1B IR 142, DIFD Hr iy JJ R 38 T 5
I E RN T EAS W, T SRR AR AN [R) 45U 23 A 22 S 223 P ATUEREE R, DT S0 R T AL 7 25 40
BT R IAERRPE AN G AR M. R T XM R B A B o B 7 VR AL, KR TINS5 5 B BERT [
W B TS US55 . 78 BERT 54 I, Rietzler 55 20 4214 BERT-ADA #AL, fibfl156 76K
B H PR SCA ERORTE SR, SRS RO TS, fEES UG I 28 B TR R I RE.
RoBERTa 21 23451 7 BERT H ) N — G TMIAE 5%, A FH B0 K At A 2B A BRI 515 55 B8, AT
AT IR R SCA R R

FHECZ R, ASSCHR H B8 SORIEE 20 #1771 (S3M) Wi T WL AN B SCar FF s, 15 R
AR TEEE B GEMEE B RAEE B FIJ71H B AR AL BAS BT B & 1 E = IR, AR5 A
B Gy W I STRS 15 B R B A i AT 55, M om0 H AR sk i) 1 1R il B8 0, MAERZANAE X
J2 I 7 9l T 5 U 7 THIR B SR PR RE.

3 ETIEERMEXSEINERE A EITRD EXGE

3.1 [EEE X

BEIRSURA N, &G EAREIINEAR D, = {(af,ab), y* 10, BARSUSH N, S TOhRTE MR A
Dy = {(af,af) e, EH o KRR, a &K o TG B, y AT HE o XKD 2 1

TR (IR S, ). BT U7 T 21 193284555 (cross-domain aspect-level sentiment
classification) & fERGUHABRIERAGE Do L2325 — NS BREL F 2 {(2s, a0)} — {ys}, RIRFEEADBR
SFRREL F LA B H AR U, SRITGI H ARSI TAREREAR (24, ap) R LTE BBREE vy

kY ~. [\—
3.2 FZERYE

Bl 1 RN T AR SCHR B T BV AT Sy 1 0 STUR 7 TH % I 4 2R 07 1% (S3M) HUREIRSER,
FEAE A He BRI R 075 T 2 A 12 03 SR BN SOR 5 180 03 S IR 1 I s
FE S3M T, XA LA 2O BRI, 230l TRV AIEE S22 I RAR T 40 7 1 155 Jk 7 2R A 55
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Sentiment prediction

BiLSTM ‘ dp @y d o d, ‘ Aspect position embedding

. T ‘ 0, 0,0, 0, ‘ POS embedding
Word embedding R A U ‘ L
T POS taggi !
aggin;
Text w,ow, e W ‘ ,,,,,,,g% 7%,,» ‘ 0,40, 0,0, ‘ POS tags
ALSC data
ALSC/DSC data —
Aspect

1 (MEhMFE) ETEEMEX SNBSS EERS ERE S3M B ELRE

Figure 1 (Color online) The overall architecture of S3M for cross-domain aspect-level sentiment classification

FERE AR B3R, I EE, MHEEIERE r = aH (o 51 B FRX SO AR 1)
TERIBUE, H Jy a3 N _EFSCROR, » FISRAIWT T T H AR A1 A ), AN AT DTS 38 30
BRI, S3M R AT TERE B (AR R RAFER) AJ5 i H s AL B (S BRI R )
BUE o, AT DRASE TR (R T8 0 REAE AN R AU Z TRIEERS . D T 4R THAR AT H AR sk ) 15 AR ) g
S3M 51N L5 H ARSI 1 SCRE 2475 ek 0 SREE AR A B AT 55, AR ) SO R SCRos H RTH
AR SO

3.3 ETEFIENHNFARRFERS AL
3.3.1 XAKYwES

S —ME n DA © = {wi,wa, ..., w,}, ASCEPRNAF B985 7 ORI
ANXA ¢ ) EFCRR Hy € R TTIGAE S3M 75 1E 0 AN [7) 4 i 2 1 e A e ARG Bk, dy, N
A bR SRR SR

(1) iAEE + WEKEIZIZME (BILSTM). S3M 1 S0k it il — /AN i &5 E, =
{wi,wo, ..., w,} € R q, NEAIEMLELE, 25 H—A BILSTM M4 K9t E,,, M3k
A ETRXRR Hy = (Y, wy, ..., w}.

(2) MNGIBSIRE. EXMERT, S3M ELHEAE AT ZRE S B g B N SCA o, BT A @
XM SCA B CRR Hyy = (Y, wY, ..., w?}

3.3.2 ETEEREREEEINSH

1575 T B AR, T 0K o = {wy,ws, ..., w, ) FSCRPEITTEERF o = {w, ..., w,},
LA S0 B2 R DT T B AR o £E3CAS o WP IR BN ZE SR B, S3M # ] Biaffine Parser [16] K3k 15 o th
BN IR PERREE {01, 09, . . ., 0, }, R JE WG IR PERRZE WL X BRI M & P 5] B, = {01, 09,...,0,} €
R o d, ApiaPE R E R YERE. SN 7 3RASH W) U7 1 E AR 3R R IRCEE, S3M K T B AR AL B S Rl
NB gD . BRI 5, X SCAR RN B wy, Q0S8 w, A2 77 TH AR 1R, BNA o
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FOR, XFEMAFEAR SIS i — N RER R T7 T B ARBLE P41 {0,137, S8)5 S3M x4 {0, 1} ¢
FIWL N ts 5 T H AR B & E, = {a1, a0, ...,a,} € R"%% d, N E FEAYERE. 284007
XITHEA “The hot dog is very tasty” (RLAAR R J7 T HAR), B A B S N {0,1,1,0,0,0}, R
frEmEN {0,1,1,0,0,0} (HiE 1 A1 0 Z3nlFs 1 AT 0 XL Al Egwbs, PN E ) E 2w BE AL
WIGEA IEREE AL — AR I Z5). R RE 08 R R 77 10 B AR AL E 17 &5, S3M FHia] 1t m) & B, FIfz & )
B E, phaE—i, NikEat a7 m b BERiAE R E: E, = E, + E,. FFEH, S3M i 5 —A4
BiLSTM M43 4l E, KA BGAMER B CRR H, = {hg,wg, ..., wl}.

EFAMAEEANE. O 0 TR & T R LR SRR EEE RGE, 1A R 4%
(1 FH ] AT 22 57 45 5 1o ROSTUE B , 3X 22 SE MR8 SO = TR A 5 R iz Ak, AHEEZ R, S3M
BB [ 3 0 5 4ok T SO BAA] (R PR ARAE. (part-of-speech, POS) T3 TH H bR A7 B A5 &, 5450
FEJLTTER, TR REH Tt R U2 A0 2 H ARt . HER IBGE o WHE 0

a = softmax (W, tanh(W,1 H, + b,)). (1)

IRFEEES. —Lept AR, BER 7T H AR BT 188G 1T fe & J7 T H brxh LA s ] (80,31
T R T X A W 5 T E bR R S 1 2 SR E L N T R THEBVRIE R URE o X5 T B AR I RUR I,
S3M #E—25 5 AMRAFEE B 45 K B2 3hA & 77 o 347 #E5] (dependency distance penalty, DDP):

1 ifl<i<n,

=191 , (2)
—  otherwise,
d;

of = X% (3)

Z?:l cj X ay’
R g FoRSCAE ¢ AN w; T HAR o Z A BIRIEEEE. FTLLE S, RIS FE 5 H
FRERG 1] B SR AR B AL R ¢y, P e ) R BB )N B T RE A 280
3.3.3 FHHEHKBERD LB LK

HET AP B AE T 2 J5, S3M RIS (B VR B U o RBA ORI L F Rz Hay, M
i A T 61 77 T AR AN s 7 = S0 ok, 2, 7T ARt BEf I R TR § A% X
Rtk £, R TR

y = softmax(Wpr + b,), (4)
1 &

Lo=—-Y yFloggt. (5)
S k=1

3.4 ETIHERIFRT FATE IERIER
BIREEVE R IR Z A B B Ar U b, BFE Bk R h, SOK TR CROR H, TR R AE TR
BRAER EVIZRR, X215 H,, X HARGUSRIE LR A 15 1B R AU, I T PR “tasty”,
“delicious” FeAA 2 MBI EICA RN PFIR . BEhh, —Ledal AN R s m] RE AL A [F I IBGTE X,
3) X T ICAT 5, A (A B3] T e 2 WSS A R A TaI 1, I AN R ANV AR 17 P 93] 22 7 3 S50 ) B3] P 2 S s 128,

A 7 51 R SIS R I, S PERS] “NOUN VERB ADY B H M ARG, I T2k 4
R VIO AR
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WA TPER “the service was warm” FIZEIC AN IEIE “the cpu was very warm” H ] “warm” B
IEAS R A I, DR B SO B SO 2T 7% 3 B ARG BT R 15 BAME S BItERE. N
I, S3M 51 N5 H bR ST 1 SO 20 15 1k 73 R B VR DA B AT 55, 215 SUZ TR B3G5SO R S0
2%, LI & H ARSI 1B 18 X

BART S, XTSRS o = {wf, wd, ... wl}, S3M i 3.3.1 /N1 ) SCAGm At 3% K g i ST
B, NS E TR HE = (Rl Jwd .. wd } e R g 2848 H iAok 3R45 SO 0
rq = Pooling(HY). SASZNE I3 AT 55 B A2 X5 R a0 N s 7R (N R SR 1o R e A

Ya = softmax(Wyry + bg), (6)
1
_ k1o gk
Ed**ﬁd;ydbgyw (7)

3.5 1RA)IZ

%%, S3M R AR5 52 ST 75 3K, BRE DAL J7 Th 217 18k 7 SR AT 55 M B Y SRS R A IR 0 AT 55,
BRI Z AL B s s
L=L,+ Ay, (8)

A st NS E, FIRE B B 55 SO R IR SR AL

4 SS9

4.1 LR E

BIBERE. 2% Hu & M WITME AT 3 M7HEE RS REHESE: Restaurant (R),
Laptop (L) 1 Twitter (T), 3£ 6 ANEEAIR A M IEF K> FAE5: R—L, L-R, R—T, T=R, L—»T, T-L,
i Sk 1) A2 AN A 30 53 ) B s DR AT AN H FR 453k, Restaurant (R) A1 Laptop (L) #(#E5E K H SemEval
2014 1155 4B Twitter (T) ZHE4EK H Dong 55 B3 1) TAE. 7ERF/ MBS HUSAT %S, IR I 2R
DR 73 BIVE NS AT 45 VI R AL RN B AIE S, B ARSI I SRS R S 4H & 72— /B NS5 1
MR, PRI A ST AT 55 & T AR U 3 08 5 () 5 AT SRy T 2% e Ah, NSO 3 AN SCRY Rt
TR Yelp, Amazon, Twitter, ‘E A1 AT Chen 25 B4 [ TAE, J B FH A 5 5 45138 T 155 1%
7 RAES H H RSk Restaurant (R), Laptop (L) 1 Twitter (T) HIEEGE . [RGB 453k 7 T 15 18
I3FAESS R—L M T—L {5 4 BhEE 4 Amazon HFIFEEIE, LR A1 TR (4B E0E &
& Yelp P IFIREHE, R—T Al L-T M4 BEUR L2 Twitter 157 B8¥E. £ 3 R T A
HRENGIHER.

WENGE. ASCRA 300 4ETRIIZRT GloVe [nl & B3 SRA)UR M S3M R (1 1] ) & 1] 14 ) & AL
B EHIESSAR N,1) BENWIGE, 46508 50 45 LSTM H TR 2 4E A 50, K BiLSTM
P26 4T HE R P D 100, D T Ak 0L G, AR RN E R 2 NN T dropout AR B0 i
Ml dropout FIMEZF A 0.5. MEALE KA Adam B 251500 1le—3. 4 BN iE S BAE N S3M 75
AR SCAR GRS ET (2 W, 3.3.1 /1Y), TR AL 7 S 305 ST 280N 1e—5, 2/ dropout
MR 0.1, HAR A ISR ERFEAR. AT IRES0 B RERSER, GHSRES 5 IR 5
IR SIS (1)~ 35 4
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Table 3 Statistics of datasets

Tasks Datasets Positive Neutral Negative Total
Train 2164 633 805 3502
Restaurant (R)

Test 728 196 196 1120
Train 987 460 866 2313

ALSC Laptop (L)
Test 341 169 128 638
Train 1561 3127 1560 6248

Twitter (T)
Test 173 346 173 692
Yelp Train 10k 10k 10k 30k
DSC Amazon Train 10k 10k 10k 30k
Twitter Train 10k 10k 10k 30k

TN $EFR. 275 Hu 55 M AR, ASCRABRER) 72 KR (accuracy, Acc.) 1 macro-F1 fF
R PP TEAR, TEbmlE, FRon 7 RNk BT

4.2 RELRG

N T AR S3M. J5 VR AE 5 U 5 T G A5 17 AT 55 LRI Rk, AR SO0 4T TRFEE. 28 1
FKiR AT 7% (non-transfer methods), RIZ 8 iR B4y 1HI 4 143 2877 1% 28 2 ST i vk
(transfer methods), AJ PLHEAT 40T (195 S0 7 [HI 215 86 47 2K

T L. ATAE (attention with aspect embedding) 18 ¥ ] [m] &A1 75 TH H br 7] & PHEE N
LSTM M4 %N, 2R 5 SR I = ol A2 s 77 THT H AR R 1 B3R 7R. TAN (interactive attention
networks) 1 $ H 28 B CHVE R JIHLHI 20 % 2 R SCRAR AT T B AR RN, SR G PHETATEEAT 1% &
432%. MemNet (memory network) 1221 7ETCZ M 28 56tk 1 15 2 VR = ALK R A SCAR M B 0Ek
7~. RAM (recurrent attention memory) 2%l ¥£ GRU (gated recurrent unit) 576 FH3E{T 2 ki & 10U,
TR 2R 14 315 21 75 T H AR 3R 7~. GCAE (gated convolutional network with aspect embedding) [38]
FE B AT B A WX 45 1) 7 T 92 1 B 7y FSRE . BILSTM-ATT (BiLSTM-attention)®) A& A< 3 3£ £
T8, HATAESRMA, [FIFER AT 8in] bR SRy e LR SRR 7 TH B bRt B 5 1SR

i 755%. TATN (interactive attention transfer network) 3% ¥4 77 H A7 /5 B A) T Romm A, M
TS SRR 2. DIFD () S4B 7ok o 005 U T AR 0%, 4
T B AR AR S B AT 55 SR 28 TR AU AN IR AE. AR T4 77, DIFDYIZR 75 2L B AR S i 77
T H AR rE R, DIFD(S)Z&DIFDH— M, NAEJRSUSEE FdEAT Ik BERT M9 & —AMER
FUBLTE B LTGRO TE 5 A8, 8 i (0 07 2ORIE RS T IR 5%, EIR AR5 LIS 7 RIFaITERE.
BERT-ADA 29 J& — AL NGUIER T A ) BERT B8 & a7 K& H ARSI SCA B i = A
B, {115 BERT et 1R 4t B H AR U b SCHE S, AR5 0 T A 5 1EAT 98T #%. 78 BERT
[F5:Ali_F, RoBERTa 21 F 57 KR AL B B AIE RL R I ZRE 5 8, BAT S8R OR I SOA bR 30w iY
REJ). ARSI TR ZAR LN base JRAS.

4) AT HEAT, BILSTM-ATT F[&Z B I0H% A 200, Al S3M A& Y5 F [F) S5 MAR (1) 2 54
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Table 4 Performance comparison of different methods without pre-trained language model®

R—L L—-R R—T T—R L—-T T—L Average
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Model

Non-transfer methods

ATAE-LSTM 56.56 47.71|63.21 46.01 | 34.97 33.82| 50.78 44.06 | 40.43 39.82 | 42.39 40.73 | 48.05 42.02

TAN 60.39 50.69 | 66.50 47.97 | 35.09 33.02 | 51.14 44.46 | 44.16 44.34 | 43.88 40.16 | 50.19 43.44
MemNet 57.17 47.79|65.97 49.28 | 34.47 32.37| 50.36 42.68 | 44.94 44.37 | 36.36 34.96 | 48.21 41.90
RAM 58.32 43.98 | 54.68 26.81 | 33.18 29.96 | 48.18 43.23 | 44.87 44.06 | 42.73 42.51 | 46.99 38.42
GCAE 61.74 50.39 | 66.60 49.07 | 32.87 29.34 | 45.62 37.52 | 44.93 45.18 | 47.98 42.39 | 49.95 42.31

BiLSTM-ATT | 62.32 52.52|69.44 52.41 | 35.33 34.00 | 47.52 40.21 | 43.41 43.23 | 47.68 46.90 | 50.95 44.89

Transfer methods

IATN 62.05 46.37|67.13 51.64 | 34.14 30.55 | 40.13 37.79 | 44.80 44.69 | 46.12 42.91 | 49.06 42.32
DIFD(S) 63.81 57.74 | 68.30 53.66 | 36.89 33.74 | 55.63 44.10 | 45.73 46.17 | 44.53 43.76 | 52.48 46.52
DIFD 64.86 60.51 | 68.53 57.31 | 40.13 38.85| 57.60 46.59 | 47.32 47.31 | 48.97 47.56 | 54.56 49.68
BiLSTM-POSATT| 66.07 60.90 | 71.47 57.91 | 40.28 39.47 | 61.18 51.46 | 47.05 47.35 | 50.77 49.09 | 56.14 51.03
S3M 67.32 61.33|73.09 62.53|51.34 51.42|66.17 59.35|52.36 52.71|59.97 56.36(61.70 57.28

a) POSATT Fondk Tt B F kR bl saM &E R F 2 dr i iF A8 DIFD (p < 0.01), S3M A 25
& (156k) /0T DIFD MR KSR (187K).

4.3 FEIJHER

R 4 BN TAFTTELE 6 ANESUST G B BAT S B R, I B E R~ MES
AT RS, AT LLE 3

o FEARIERE I i, I BAAE = /7R TAN, BILSTM-ATT fEAFESS FEUE T AN R 45 5. 4
Fez F, AR B aniek B RRER A I RAM AL R 5 4ty st T NP 1 e 22 (MR RE. T R i IR 2
RAM KA L KERE LI GRU #ocdEE MR &G R, A H R EdE L& /8 )1, 7554 5t
N A A VR A R AR, AT AE H bR AT 2 IR AR 2 A 1 e

o FIEEER M VEAMLL, BR T TATN, B FEB I 7k Bk FES T aF T GE. AH EE T 854008
FLR 70 TATN, FOR IR AT ARE SR (8 DIFD(S) C4 S 7 W SR T, X 56 T 48 Bhi 5
T AT 55 5% 5 A3 7 T A7 TR 2R 048 2% . E DIFD(S) KR L, DIFD #3551 N H AR 14k
PEAT R PUINGR, RZEE TR P ENR, TR T R 5 A 7 TH 15 186 40 AT 25 Hh M R e i () A
i,

e BiLSTM-POSATT EAYZ AL S3M R —ANARFf B AR FAR AT FE B9 48 S A SR 41 oy
KA NHBIMES, HRK LA BILSTM-ATT w3 #a] bR SCHTE SOF & L i3t 1A
PE R SCHITER AIHLH. 45 L8] BILSTM-POSATT 7E BiLSTM-ATT &t FEUE T F1 5.19%
TZRIE AN 6.14% 1) macro-F1 $&7F, HZ M 2 5T 4F FIA AL DIFD, X UEB] T 2 T M = il
HIE S SR R WA . AR DDA R B8 T A SR s 1A T B SO 2 5 AR SCI 7Y S3M
AT T B RESRTE, A T MER R A macro-F1 _EEE DIFD 2» HRTF T 7.14% 1 7.6%.

5 JEIR T BT TN ZRE 5 A8 1) 5 VR AR s A 5 TR B JAT 5% gk se, mTLLE 21

e BERT LA Transformer 40 fEAguidag, 76 RKHAEERL BT OUIZE, BARSRM) BRSO A#E
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Table 5 Performance comparison of different methods using pre-trained language models®)

Model R—L L—-R R—T T—-R L—-»T T—L Average

Acc. F1 | Acc. F1 | Acc. F1 | Acc. F1 | Acc. F1 | Acc. F1 | Ace. F1
BERT 73.87 67.46 | 72.51 61.70 | 49.47 50.49 | 60.21 51.13 | 47.92 47.84 | 49.88 48.93 | 58.97 54.59
BERT-POSATT 74.22 67.12|75.98 67.43|50.31 50.76 | 60.80 54.70 | 53.56 53.95|57.68 55.68 | 62.09 58.27
BERT-S3M 74.70 68.81 | 77.62 69.47 | 52.32 53.00 | 61.69 57.51 |52.21 52.35|60.52 58.22 | 63.18 59.89
BERT-ADA 75.84 70.54 | 75.35 64.39 | 50.97 51.38|65.37 54.67 | 50.36 50.76 | 55.01 52.70 | 62.14 57.40
BERT-ADA-POSATT | 78.85 75.73|78.01 70.84 |51.97 52.25|70.80 63.72 |51.82 51.89 | 66.57 62.61 | 66.34 62.69
BERT-ADA-S3M 79.50 75.07 | 80.20 72.78|54.72 55.18 | 71.86 63.19|53.97 54.27|67.29 63.13 | 67.92 63.93
RoBERTa 76.55 71.00 | 79.52 70.59 | 53.05 52.57 | 65.46 60.47 | 51.83 51.32|60.89 58.85|64.55 60.80
RoBERTa-POSATT |78.37 73.88|80.28 71.50 | 54.38 53.52 | 70.16 64.02 | 52.47 52.83|66.05 62.69 | 66.95 63.07
RoBERTa-S3M 78.21 75.29|82.47 73.75|55.66 56.09 | 71.74 65.11 | 54.48 54.70 | 66.16 63.60 | 68.12 64.75

a) POSATT o3& TPk _E R SCHIE & JiHLH]. BERT-S3M, BERT-ADA-S3M, RoBERTa-S3M i 35 118 -6} 7 ) 3
A (p < 0.01).

77, R B8 0 7 T G Ky AT 45 FAR R R R AP A iE & PE. 76 BERT MO2EAL |, BERT-
ADA #—BAE K& H AR AU R E OIS 5 B AR A H AR U IS X, dE T S AL #. 4
LU, 7E KR H AR SR 018 58 T, BERT-ADA [P HERI A macro-F1 tb BERT 43 742
F 7 3.17% A 2.89%. HTAEH B KRB S SRiE R AN AL 3 &) RoBERTa 7 BT A Ml 2115 5 1%
RS T AR B PR

o USRS58 B BAE N E T MG, B ER NS POSATT i8Rk T
B MVEREIRTT. 7RSI N ST B R AT O s 2 e, AR REAS 2 T i — T, &
2 S3M JTVELETIZE S 1% BERT Ml BERT-ADA FZERE ESCIL T 4% UL E (T35 AL 2R 32 THF0
1 5% M macro-F1 $#27F. BId PA#E K () RoBERTa 7E J94fid 2%, S3M 5SB 3.5% LA_F HI~F 3 #i
RIETHF macro-F1 $2F+. A5 JJHUUE B T 551592 1033 55 ALk A2 SRS 17 JaK 43 21 RO S e 5 s
FE S AU 7 TRV 1 18840 R AT 55 B A A1k

HRASC Y

N T BAIEAS [ 2R A 0] B 2R S3ML I TR, ASSCHEAT T VR SESS, 4R aE 6 Fron. BAL S3M
w/o POSATT, w/o DDP, w/o DSC 43 3/~ M S3M A5 A B B TRl Pk | N SCHIBIRE & (B
N R SCHIE SUER D) IKAEFE B 18T DDP 83 SCRY 1% I 4r ST % DSC.

ATLAE 2, A S3M MY RS BRAT B — AN, AR RLPERR AT WL T — e FR AL 0 T B, X 56HIE 1 3
TE RTINS AR S 2 1 Y50 AN B 10 SR 8 8 4 SR A 45 S0 i 4 7 TR 0 1 R 23 SRR 28It AE 3 4
YR, BEBR ORI IRy AT 55 I, AT B R B 7 S0 S P T B, X AT SRR A o AT 1 1
B SURART EELN. ML T, AR B IR T A R R T B/, (R B ATY AR e 6% 5 B R B R L
85 BAT SR e v, S A AT T THT 1 B 3 R AR H BTk

4.4

4.5 WNESH ) N

3 (8) FHIBE S X SRL T4 B 1 SCRS G [k 0 AT 5% H AR AUk R 18 SCHY SRR L. A it
AR ZH N IBUERAR TT S3M J7 ik 2 T ORI G R IR 70 S (T8 SO s A U 5 sy T 2 1 70 3%
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Table 6 Effects of different components on results®

Model R—L L—R R—T T—-R LT T—L Average
ode
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1
S3M 67.32 61.33|73.09 62.53|51.34 51.42|66.17 59.35|52.36 52.71|59.97 56.36 |61.70 57.28
w/o POSATT | 65.93 58.81 | 71.81 60.79 | 48.01 47.43 | 64.50 57.30 | 47.61 46.98 | 57.26 55.17 | 59.18 54.41
w/o DDP 66.11 59.28 | 72.46 61.70 | 50.91 50.92 | 63.16 57.53 | 52.08 52.40 | 57.83 55.44 | 60.42 56.20
w/o DOC 66.22 60.51 | 71.35 56.56 | 40.45 39.68 | 62.19 52.49 | 47.39 47.65 | 52.60 50.74 | 56.69 51.27
a) POSATT, DDP, DSC ) Al 373 Tl M B SCBVER IHLM] AR IR B 48 SR SR 1 % o3 284 55
4 Acc. Macro-F1 -4 Acc. Macro-F1 4 Acc. Macro-F1
68 75 52
%\ Y v
66 1 . 70 49
o 64 Qo 65 2 46
: Z £
= = =
62 60 43
60 55 | 40!
0 05 10 15 20 25 3.0 0 05 10 15 20 25 30 0 05 10 15 20 25 3.0
A A A
4 Acc. Macro-F1 - Acc. Macro-F1 -+ Acc. Macro-F1
67 54 62
(d) \ (e (¢}
63.5 52.5 59
g 60 g sl 3 56
E : g
= = =
56.5 49.5 53
53 l 48 50I
05 1.0 15 20 25 30 0 05 10 1.5 20 25 3.0 0 05 10 15 20 25 30
2 A A
> (MEEE) FRMRESE A X S3M A5
Figure 2 (Color online) The effects of different A on S3M performance. (a) R—L; (b) L—R; (¢) R—T; (d) T—R;

(e) L—T; (f) T—L

fRszne, A EUE TSR A [0, 3], BUERIBEA 0.5. B 2 @R T S3M EHUA IR X B 6 ANEE 4Ry T 91
B RAESSHITERE, By X FIBUE, HAOSHET R FEPR A macro-F1 545

BEEZH A B98I0, S3M R PR RE A bR i S BT E TR RS, FE TR B, AR, 5
R QU P 177 JE A SOBRBEURK, PR] MG AE 15 0TS 1T 2175 e 70 SR I R DB . S IGHAIE 17 S ASE ) s QUK
PRI T SONT 5 S 7 T R 17 IR 73 AT 55 TR s e, R B 1 6 T SORS I 1B 0 S IR0 UG BB R AE
AR H AR SR RS ST TH A R, S8 N KT — @ BE )G, M R EUE FIAE L, BBk RE#R
HIL— e AR BB NI, X2 BRI K A 2875 S3M B8 f ] 27 >3 4l B K SCRS 1 % 4 R AT 55, AT
SR AT 55 i AU T T R A ISy SRR RE. RIAE AN, 5 A DA 0 AHLL, RIS T SO R IRy S i
SCHE BRI S A R i ST TR A By R ok 7RI AN, BT 2(b) A (d) B H AR
Restaurant (R) I, S3M 7528 KMALE S8 N A BeSCl B4 (M fE, 3X W] A 5 40 B 1) 15 1k 23 R AF 55
HISGE A R, WINZREREE, Yelp SCRH1E IR/ AT SIGE 52 T8, A S K RO AL EE 2400 X et
R PRE b2 2 F AR QU 17 11 S
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Table 7 The lowerbound and upperbound results of the baseline BILSTM-ATT and our methods

R—L L—R R—T T—R L—>T T—L Average
Acc. F1 |Acc. F1 |Acc. F1 |Acc. F1 |Acc. F1 |Acc. F1 |Acc. F1

Model

LowerBound

BiLSTM-ATT-LowerBound |62.82 53.20|71.96 50.00|37.86 37.52|55.50 45.94|42.77 41.91|54.07 45.64|54.16 45.70
BiLSTM-POSATT-LowerBound | 68.81 62.96|74.75 56.74|39.42 38.63(69.64 57.00|44.82 44.72|60.87 53.93|59.72 52.33
S3M-LowerBound 69.75 64.17(76.76 65.46|52.02 52.41|70.46 62.06|50.23 50.34|64.89 58.51(64.02 58.82

UpperBound

BiLSTM-ATT-UpperBound |71.44 65.16|77.85 65.93|69.13 66.99|76.62 62.2868.90 66.61(69.62 63.53|72.26 65.08
BiLSTM-POSATT-UpperBound |72.41 67.52(78.76 67.61|70.69 68.74|78.57 66.11|70.37 68.47|70.66 64.01|73.58 67.08
S3M-UpperBound 73.51 69.06|79.62 68.38|71.15 69.81|78.84 66.35|70.81 68.88|71.03 64.10|74.16 67.77

4.6 BEFEMANFZENTASER

N T i A IR T BV R WL R T SR AR R A3 R SO SRR A R, AR SORT T
T L T BILSTM AIA S J5: BILSTM-POSATT, S3M £ 6 NS ATek 77 1 4 1% 87 284155 LR
FibERe S BOMERE, 45 Rk 7 R, MR S RERT, PR ZRAE A N B AT 45 I 454, U
AT IR S A B AT 45 T 36 IE 4, B AR U R 4 A 8 AT 45 IR AED) . 7Rt 1
I, AR SCRE R AT ) 5 B ZR A0 B ARSI R 8L 1) 80% ZH A1 — i ENIIZREE, B ARSI Zr 5
TR 20% {EANRAELE, H RS HREE A LSRRI, 0NN St A1 S RERT
BRI S BRFE AL

M T FeE R LU I, EFRELE BILSTM-ATT AL L, 6 F1Bvk 13 & ML RS T SO 1
T RGO BRARE R T B O REIR T, IXIGAE 1E A 1 Z B IR B AT T R IR S
AR EAERRZ, S3M BT EAURITS R-L M LR R FAMREEEY BILSTM-
ATT W) FFEEIR, X3RS 770 DR OK i B AR B AR T bR v S 1 BEoR . 7E 51N B R4k i
PR BEHEAT AR, 3BV AOTE B /105 BILSTM-POSATT Eb 3T BiaiE ATE & 1 5%
BiLSTM-ATT J&7n t 5 45 I 1 e, 3 & (R By 2 0 MABE JZ TR 38 77 T H bR B2 ) 15 8RR 5L,
HAT SR S, BN AR BOE S A EE R E R R IR, LR AN, BRI R SBh SCRY 2
TE B AL SR T — [ REHE T
4.7 IBEIENAIMK

N A3 TR R R L AR AT B AR T S IR (S, AR S DA A TR K
2 R—L RN HTESS, A4 BILSTM-ATT, BiLSTM-POSATT £l BiLSTM-POSATT+DDP 3 /M
TUTE H ARSI Laptop FEA L IVER IAUE, BUEIR R RE R IR EBK, 4R 0E 3 fis.

ATLLE 3, BT 8 bR SCRvE & R BILSTM-ATT i ] 5633 W5 AN 450 3 = 1 o 3], {EL R
REBE 7 10 H Rt S5 B AL R, SR v E = 1 A BILSTM-POSATT #EffHAR 3k 1
PO = BN ORI S e U i G SRV b s WA B i O (7 € T SR 1 i e 22 1 41 M S = W

5) FEANY T, R T AR R O7 R R RS S R SR AR T L, AN K ERRATUR i 5 1 A AR

AR BRER. AT B HA A6 B1KE H AR U I REE AN A 7 — LA Dyl UUAE 55 OISR, IA A
KL, S5 R IAHER.
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Model i charge it at night and skip taking the cord with me because of the good [battery life] Predict
BiLSTM-ATT Neutral*
BiLSTM-POSATT Positivev’
+DDP Positivev’
Model oh yeah , don’t forget the expensive [shipping] to and fromhp . Predict

BiLSTM-ATT Neutral

BiLSTM-POSATT [ | Neutralx

+DDP - Negativev’

3 (MEMFE) FRREE TR

Figure 3 (Color online) Attention visualization of different models over words

{F FE UERS, t0fESS 2 AMFEEIH BILSTM-POSATT+DDP B NSeyi W Aiid “expensive”. & 3 H1ff]
FE A1 2% BH 2 - 1592 Ry B WL 75 185 08037 s T 6 8 1R A b gl 38 5 T B A X B, 1 1 BRI

5 Zit5RE

B b PR, 7 T 7 IR 23 R AE AR 2 U b Sl ARy 25, A BR 1] 1 78 S Frdz st b N
NI, ARSI S AT T TN By AT 5%, AR T — i B U B B S o #I J1% S3M
SRARPLIX AN H ARSI TR R ST 55 BRI &, AR (1) B0 FH ] 22 S at p 1) A3 78 A E
JIZAGTEN R, 1 R R A« ARAT B B A TR VAE BRI U r T A i = 0 (2) IRIBAA S H
T ST O 1 SRS 25 175 8% o S A il BT 25 75 B ASE 28 1031) E b T ) 17 B S e 2%, AN SCH
BT VEAE 22/ 5 AU T KA AT 2% FIRMS T medr IV RE, 76 P I UERf R F0-F1Y macro-F1 LIz
A I IS4 DIFD 43 AR 1 7.14% A1 7.6%. BPAEAS FH 5 R il 250 S A8 E 0B T M8, S3M
RE ST 2 I PERE SR T, B SLI0 T L 5200y, AT LA E50: (1) & TABVE IR R AL 75 15 408k
355 B B 65 M AR 2R THUORE L H BRI IR A (2) 3 R H AR AU 15 IBGE SO T H bR ATk i1
J5 T & AR AR A R,

JUEARSCHI NI B ARSI 1) SO 21 B 25 500 H BRI 2%, (HARMELRIE 5] A4 5
H bR 1 1 18 S SE AR 352 TR, AR AR & AT MK S To Ay 1 H AR 58 S A B B J%
W, HERETERERE B I S5 G kR, AT B4 B 5 bRk i) 75 T 1% 264 25,
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Separated syntax and semantics modeling for cross-domain
aspect-level sentiment classification
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Abstract Recently, neural network-based methods have achieved significant success in aspect-level sentiment
classification (ALSC). However, the ALSC task is low-resource or even zero-resource in many domains because of
complex and time-consuming data annotations. Data scarcity limits the applications of the ALSC to most domains
in real-world scenarios. We thus focus on the cross-domain ALSC task. In previous attention-based methods, the
distribution difference of words among domains leads to domain shift and poor generalization of the attention
mechanism. To address these issues, we propose a separate syntax and semantics modeling (S3M) method to
improve the attention of the neural model from the perspective of syntax and context representations from the
perspective of semantics. Specifically, we find that the syntax pattern can be transferred across domains and
thus propose syntax-based attention to capture the opinion expression of the given aspect. Besides, we introduce
document-level sentiment classification data similar to target domain to help the model capture the sentiment
semantics of target domain. We conduct experiments across six cross-domain ALSC tasks. Experimental results
show that our S3M method achieves state-of-the-art performance above the benchmark. This method outperforms
the previous best method DIFD by 7.14% in average accuracy and 7.6% in average macro-F1. When using BERT,
BERT-ADA, or RoBERTa as a backbone, S3M still achieves over 3.5% improvement in average accuracy and in
average macro-F1.

Keywords aspect-level sentiment classification, cross-domain, neural network, attention, syntax and semantics
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