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Abstract

This paper presents an aspect-based sentiment analysis model, AdaptWin-ABSA, based on an
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adaptive sliding window mechanism and a variational autoencoder (VAE). The model enhances
the ability to distinguish sentiments across multiple aspects and improve contextual feature mod-
eling by combining BERT, VAE, adaptive sliding window, and contrastive learning strategies. First,
BERT is utilized to generate high-quality sentence and aspect embeddings, providing strong text
representation for sentiment analysis. Second, a variational autoencoder (VAE) is introduced to
model the latent sentiment distribution of texts, effectively capturing complex sentiment patterns
and enhancing the robustness of the model. The adaptive sliding window mechanism dynamically
adjusts the context window size for different aspects, extracting local sentiment features and im-
proving sentiment recognition accuracy. Finally, contrastive learning is integrated to maximize
the differentiation between aspect representations, further enhancing the accuracy of sentiment
polarity classification. Experimental results demonstrate that AdaptWin-ABSA outperforms ex-
isting mainstream methods on the SEMEVAL 2014 and ACL14 datasets, achieving significant im-
provements in accuracy and F1-score, highlighting its effectiveness and potential in aspect-based
sentiment analysis tasks.
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1. 5|8

77 TH 24155 [ 73 HT (Aspect-Based Sentiment Analysis, ABSA)IT 4K BN H AR E = A FE AT 1) — AN F 5T
AL, BIEXSCARTHRE aspect MR TAHEUN 732K [1] [2]0 FETEEEUHEAANIAS B4 M FH ) 5
o, HERAIRN H SCARHREE aspect (BB ME B B EE L. Fln, fEPIFR i, AEH RV
MroTRetL s 2 aspect, WA JREAME GRS, MXTIXLE aspect IR E AT HER 7025, AT
AT 1A P 5 SR AN T 37 I 0t

HAT, ABSA G AR 2 HIBE USR8 3 TR I ANE S8R J57%, 41 BERT [3]41 RNN
[4] [5]5F. SRTHT, FRGJTIEAEZL aspect THIKIX 73 J7 G HRAR, JCHAR MZ A aspect tHILFE R — )ik
I, HE AR BIBE A aspect ITEERRIE . B4, BUABRAERE #2538 B SO &G BN AR E —E /IR,
FEONFRRE aspect FIE BN AIHERATEA 2 [6].

NERE AR e, ASCHE T R R T B N B A NS 7 B et 28 1K) ABSA Y (AdaptWin-
ABSA). ZERESE 70 ST BE R AN & DAL, 7E BERT AR AN R R 254l b, SRS A
FESCAH AR 7 TH (aspect) FI G BOARFAE,  JF 2 2 99 1 ANE 7 A I K IX 7y Re JT . BbAh, 80 B gnfdas
B FINA BT AT AE AV A SO IR IS AT, AT — 5 15 AR M 7 I B . Segn 45 SRR W,
AdaptWin-ABSA #MTE Z AN AFFEAREE FIuil TGS IWERZ A FLAE, 300 7 HAETT s & Hr At
5 HR TR A 255 R P T

A FEoTER S AR

(a) P —Fh B IGRHS & DAL, ShAS TR BN SCE HR/DN, BRR A REH AR B R S I R
fiE,  FETH XA [E] T T I R A R 05
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(b) B IFEE &R Hap 3 5k, I S R AAN [R5 T [ ) s 22 5 1, 1 sl TR A 22 Ty T 156 A X 234
SR, SR T EUVA AR Z 07 I R IX 7> EIAS L 5

(c) SINALy B gt o AT AL T I A, MR AE 23 18] TR F 230 SCA IR 1 JRFALE , SR TR RS 52 2% i i
BEACHI AT BE I M SR E R, N7 TR s it 18T ik e 75 5%

2. ExIE

THI 155 B A 7 — B ABRL BE IO IR AT AR 55, e BAR RAE 4G 78 1 BT SO BRI R 2 77 THI 14175 1%
Wtk VENBRE S B E LSS, ABSA B Z A T mitie . AR B ET s, N
AV A S E A T IRZI S B EE (6], R ABSA J7vE BT N T IRRIE[7] [8], il dndE
T B L AR D¢ 2 BURR 8 AN A R AE . SR, X STV TRV AR T S BT
[F] KR R T ORI, FEAL PR R ) 1 A5 ) B RR  18 RGRIA I, R BCR I RIRYE . ek, XETjkiE
T EFE R E N STRAIATRAE TR, LAY R BRI, 2 U5 R 5 .

PEIRPIZE P 2% (Recurrent Neural Network, RNN) i F7EAN L 7 518048 s, T NHTHERES
AEFEAT 4S5 . RNN F A 32 AR R —FK 46 I 10 12 P 2% (Long Short-Term Memory, LSTM) [4]F1[ 3753 ¥ ¢
(Gated Recurrent Unit, GRU) [5], i [ THEMLEI AR 7 RNN P80 EE I R FBE BE R AE Ml . Lin &6 A [7]2%
T LSTM #2t 7 TD-LSTM #1 TC-LSTM #48Y, HI T et d&srtfr, FKormfE 85 L E B s,
Tt T IR FE

R IWUREFRAE ABSA RS R Z N, B R DL 8ad 42 558 € J7 AR R SUE
B Tang 5 A\ [8142 H 1) ATAE-LSTM A5 AL 38 iy = WL B 5 156 7 I ARRAE A Oy, s A1 Ik 20 BT /R 2k
REERFA. BEE, Wang SFA[9)&H 7 XEFEZ IR, DLNN 2 bR B R B A 15 Kok
Ao

FFIER IR BN ZRAER BERT [31HEH S, R I T Sk EfE . Sun 88 A[10]52
£ BERT SO #E 5l AZMEiBI4), 27+ ABSA AR5 MIIHIER KRR . Xu N[ — DR — ik
T BERT WYJallZxiifJrik, #t—244t 7 BERT ££ ABSA {55 L& k.

- I
! I
! I
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Figure 1. Structure of AdaptWin-ABSA
& 1. AdaptWin-ABSA 1&ERILEH

El 45 2 A1 A5 53 H 2 i 8% (Variational Autoencoder, VAE)E [ 25 ) G A5 R 17 BASFAIE 27 ) J7 THI J 30 HH gtk
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R 35 . VAE I8 B2 (8] 0 A AL R & (15 BRI, R 6% 75 B AR R 70 175 I8 o0 A B s IR B . Xu
GEN[12182H T —M45E VAE 1] ABSA B, I8R5 BRF AR B BT 7E 23 0], AR B SCARH B &1
&3 Ao Cheng %5 AN[13]3E T 25 VAE #2H—Fh 2 2 K ERFHIE A ATHESE , BB N% S0 RS vt 4% ) A [R) 175
I ARG Nie % N[ 148050 26420 HORIAR 73 A gt a8 — D4R T T 1 B B, i prsi e
A7 I R B RFIE AR TV

Xf EE 5 ) FE G SRIG R X 43 07 T R A RAF AR, JCHAEAN R bR 28 2 (BRI 22 85 07 TH R AR 5+ - Yang
S N[5BT Lh ST T — Rl i 180 2070k, T8I X EEAS RIS Il Mk AR A 0K, $2 T T A At
2 5K X 7368 17 Song 25 N[16]454 %} L= > 1 BERT, #tit 1 5 THIRs S 15 B GR nA AL, {15 4R
LA BN TEIR N 2 A3 B R A7 X 5. Wang S8 AN[1713 32X E 2z 2], Jl i s A R SR AT il
25, PRIt T BRRIESE ) RE .

36 N Bh B L E S S RE R b R B, TR SRz N 15 18 e 2 A S BE A B AT
. He % A[18]7E HIE NI BN & DHLEIH 5l N BVER T, RS B 24 7 bR ST s B
ko Zhang 55 N[ 19188 H— BT I FUE RIS 5 7 2, i A 11K/, 398 9 2R 0K A A 17 I 4k
(13& B . Ahmed 55 N [20 K63 S 38 TH5 TR SS, i 2 B VER LA B ISR L4 4
RERT TR AR R .

L ERTR, EESRIRF R, IR S SR L 2R S S kS A, T LLR B IR T ABSA 155
HH R B X 20 R AR B2 175 B AR R ) o AR SCHE HE 1) AdaptWin-ABSA B ZE G 7 HIERTE 3N & H L A&
oy GRS ER AT LL 2 3], AU BRI T 2 7 G K IX (e ), B3G5 7 A BITE J5 30 bR ST B e 4l
PRGN, ST IRIE B TSR TR AR T 5
3. AdaptWin-ABSA #&&Ig3E

AdaptWin-ABSA AR HIERIE & 285 B WS IR(VAE) NN LL 2= ) SRBS A8, B 727 T 1S
T ST BT (ABS AT 55 i A4 2 22 07 T B A0 RL FE AR IR AE o a3 1 B, 2 E AR DY AN B S
RRNE B0 B3 (VAEBEL . B I&E RN G 15 2R)5, DUSCEE T X6 LG 27 > R AR 1 i At
B
3.1. XEBANE

AdaptWin-ABSA A (i N il BERT #EAYHEAT AL B . S5 @ N SCAR T = {1,,8,,--,1,} » 574
F BERT $&HURAM AR AR IR, RN

E={e,e,, e} = BERT(T) )
Hr, e eR?N BERT BAH ) d 4EHR AR R e i N 430 55 )2 (Dropout) AR IERE LA, F1E
NG BRI o
3.2. TorBYRiLER

NFEIAE A3 6] v AR R B A AR, AdaptWin-ABSA HE 7 FI A8 73 [ 4w i 25 (VAE) A S0 A1
TRIBEE A . VAE HZmhS a8 MRS 25 P 2 4L, BRI 2.

3.2.1. YmhEsS
VAE X195 it &% #7333 0 7] LSTM S HX_E R SCRFIE, FR oy 8 1 5 A & 32 R A3 B (17w AN
[T % logo? o 4EMIANE , St 1 A
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h=BIiLSTM(E) e R"* 2)
e h FRRRIRAF LSTM (% th &, SR J 3 3 i > e Ak AR 4 B0 L 9 A 00 A ) B (AN 5 22«
u=w,h+b,, logo” =W_h+b, 3)
Hehw, fw, NENEARHIERE, b, F b, ik E I

322 EBE
T I EE S BB T o A 2 8] AR S B AE AT R R . SR M u M5 2 o DIBHE /3 AT R
FEAR R 2

z=p+e-o, e~N(0,1) 4)
€ & MNARUE 2S00 A o R BERIBEALME 75, R R SRRE 0 T S DS T I 14648
3.2.3. fRMGEE
TERRRDES R, KBRS & - NS MILEM LSTM 25, LIRS HI NG AL R 5 E
E=LSTM(z) ®)

Ot L e MR 28 L [P SEBIL 7 0 IR OBV R R A, A9 B AE ABSA AT 55 P HENS TE 4R B0 312
T KR -

3.3. BiENBEHEH

1E ABSA AE55H, I AR PR IR W 32 B g U T e S HL A0 B R SO R . R TR AR IO TR
PIABIE TSRS S, AdaptWin-ABSA B 5| N T H & N % HL i (Adaptive Sliding Window Mechanism),
TP TT 1] S AR IR R SCRFIE o LAY Zhas i 40 @ e B, 10456 7 2T B B i B g
DA DR T B IR R B MRS AR 4 o G R S L 2 B0 8 DU AP BR: W DVa B e . ST A4
UL R B A

3.3.1. BAEEE
ST T LR ) B — 0 R e T VG, (R e O AE R 4 U7 TR I Rl |, RUEIEES 2
FHIRI RSB B o 4508 — N7 TR A - kR an A B s A7 T ] 1)K E 1, AR A A48 TR 2 0 T 1 B
TE XN
window_range = [s —w, s+ +w] 6)

Hep, woRR AT R BACRY, MR TFIIRE S, WZIEERIREIE [0,n-1] Z W, LU
PRUT B AR . IV RO/ BB 0 1 3 I SR 1 SR, R T T ] 5 43 ] R SRR R
A LTI SUE B EEERE, W w FEA ISR, MR REZ N LT3 ke, WEOEE ),
F T 7 T A B AR O S

3.3.2. BHASHERBERL
FERE B VG S, B S LR I 328 A B RS R TG (5 B AT I e . MRS R M
TAERT AL R A b B b & LA, DA EREEY R AR AR R A B TR T
BN TR ANFERE N E e R, Hon AFPFIKEE, d AIAIRNGERE . FEISHERE M e R™ & SUA:
:{1, s—w<L<i<s+l+w )

i

0, otherwise
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Hep, i AT RN R E. M, =1, RoRizia s T E A, B VAR L
HORIESERT: T M, = 0 U B st B FVE B AMRIE S S, (R R Ly 05 A L AR o R 3. X —H
RRE FAEAE J5 SE AR AL BN B R ) 2 N2 B R AR A B A BB B 0 P B 58

3.3.3. EEEMAWLE
TEM GG N, EOE RO LR — Rt 7T IR B A SR, AR SR T A B bR SO
SRR . 1 B SRR I 5 75 R R B EEAT AL, 1SR I AU R BA B s B, R
1 IS BAE 2 W) _E B & B ZE e
BRI S, W28 i M 2077 HE PR B d,, B i A0 ek R B0 A1) 23 B A R
o, = exp(—ﬁd[) ®)

Hodr, B i e o BE R 2 8. BE R /N 1 3] (B 5 7 T ] B S 00 )3 AU o, 850, T BE B 4
376 14 ] FLASU T ARG B o AZA AR I o € R™ S T390 8 A ARSI, KL SR B 3f DLZAE O BURE
fiERIR:

Eiweighted =a ©)

BRZINBURFAE B AR G N E R SOE I, W DR VT (Y 3 72 5 0 THI ) AR R X 4R L
3.4. BIEBNHEIRR

75 AdaptWin-ABSA BUH 1, [ /7 HLIRENS S5 A% AR 91 S 7] B B RS 4k, b
T E A A I L% 5 0 A R

RN IR X = (50, e, ) o BRI HUR R At b A 2 IR0V 11785 0, e
i) 3, W, AR, %139 o, 5 S

gy =le) (1)
D exp(ey)
k=1
o, e, i x, RO x, 2 IAFIVCRLRLRE , S5 AR
& = (3o ) (57 ) (an

FE BRI, W, MW 73R E AN T 27 S B AERE . TR AN 5 5 BTN SR R AT
AL, BTER BRI BES AR 7 51 s A X 3 R AR S 1 B R S0 2
BFIEAARIEERE, AERIUE AN A ) LR SRR By

= tanh[iaij (x,7, )j (12)
Horb, w, MEBSERHRE, W28, ATk BT SUE BAE R YRR AN S A RHER R L. )5, @
i tanh AR BUAEHE, INBCRIR By ARRYERFERS ARG 55, AT 2 21 E 8 = S RE R .
3.5. JFELEFE SRR

£ AdaptWin-ABSA i, JRARANE] 2 PR bbb SR T4 55 77 1 2 1 B0 i (ABSA) HH Y
TR IE X . JEIERS Psp 3], B R RE s A A R ISR R AL AR s, [RJ I B3z AN R 15 S
MERIR, AR THE B KRS LM G . i ABSA AR5 HIRFEX 73 RUR, X b2 ST Bt 1
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CAR BT e SR L5 . ShASHE 73 Bo AT 58 (0% L5k R K

o NRE AR
TR A T HRE AR Hh R R A
Y Y Y
hUBU AT 2 M AT h3 A
PEA K 4
TEREAK (RIREA) FFEARRT (FHRFEA)
xit b2 21 6 Z, xtHEE
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i
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Figure 2. Process of contrastive learning
2. XEEF R

3.5.1. FHIxTELIETE
TEJT T BB EAHTALSS 1, AR BRI X A S, Sy 1 B AR 2 o 17 sl o 22 S A URK B
Xof bl ST ARHRAI S AL S 155 B ) 28 5 K I REAR S, DU Sixe AN [F) 1 AR AR 1R (X 2 o AR SRS G R
Eﬁiﬁxﬂ(hi,h;y KA 15 RS P RE AR Fp e B, AASE28Y B 7EARRAIE 2 [A] A R 30T [ A AIE
ﬁ’]‘izliﬁ(hi,h;): e S e BT A M 22 S R R A, A 2R P AR AIE 22 1] o 5o A (] 17 SRS A1 T o
ML EEUE

3.5.2. BiFSWESEC

ST SRS B AR [ R R AR ZE S L SR P IR, AdaptWin-ABSA B S| N T 31K E ML
WLl BARRUE, XTI SRR 22 FEORIFEASS (o “AIM” AT “TE B ), 2 BC B R R EEACE 5
TR TG AR H PR RE A (i “Hpte” 5“7 B0 “H k7 5 W7 ), SrERBUR AT A . AL
BT E R
[ s i M 2E K
_&m,ﬁﬁﬁmﬁﬁﬁ$
Horh, Ay FOREIE, Ay, FORRAUEE o X RIS 73 T SR T DR 20 S Sy i TR 1 22 S5 KA 77 T
fiE, MR X 75 fe

o LA R BR B

PG LA T, AdaptWin-ABSA FE AL R0] LA 2% R H0dE— 20 A 8 9 00 5 B A BUE I XS Eh i T 2

(13)

i
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exp(sim(}z,hf )/r)
exp(sim(hi,h;' )/T)+]Z:;exp(sim(hi,h; )/r)

B
Lcomrast = _z a;‘j : log (14)
i=1

/\EP:
BTN sim (B ) S9HE AR SEHILE
T R E A PR HE A 5T AR
o, AFEATS IR, RIS AR 2 7 s & B

3.5.3. KRR
7E AdaptWin-ABSA R, 15 KR PE SO H B, R fili I 52 SO0 2K BR B L, SR o Y
TR PRI 3 A 5 B SERRZE AT Z TR 2200 . 28 U 5% 58 UM

N
Loy == v, log(p,) (15)
i=1

Hrpr

¥, BN E SRR AR, 2R i RS, My, =1, BNy, =0

p, RN AR ¢ FIBERAE, 1 Softmax JZ it .

N RIS RIS B

BE IR Ly WV PR TN 45 2R 5 FLSEARZENS 5, (R AR I ZRid R P IZ P IR S 5, I
NI 5 B SE AT 2 (B 225, SR IR RIS L .

TERRZPURBRE, SEXHRR Loy SRTEEHUR L o TRV R AR -

L=Ley+ Ayl

contrast “~contrast (1 6)

Lo 7= NEESHEL FITPHT0S BUAR I AN 73 FA5 IR R 2 o SRS b S, A AR AL
A PR T SR SR X I 5, 9 TR SR HE R AR R (192 1L fiE

4. S2I%
4.1. BiEsE

ISUEER T =N ISR L SR S Restaurant 4. Laptop FIEEA Twitter L. H,
Restaurant #1 Laptop #(#E4EKH SemEval2014 {155 4, 75l & A U 28 10 A FLU R ATk 1 Vi o
Twitter ZUH S FAERENG TR RR, A5G T H WA BRI S Hh I R IA

Table 1. Statistical information of the three experimental datasets

1L ZALBHEENGTIHER

Positive Negative Neural
Dataset
Train Test Train Test Train Test
Laptop 994 341 870 128 464 169
Restaurant 2164 728 807 196 637 196
Twitter 1561 173 1560 173 3172 346

R ZANBRE A A LRI BARE N = MG RN Z — B RO thAh, BT
B TR RE T AR K7 T A L R, DISCR T IR G O AR 55 & 1 o 17X =Ml
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SRR ERGEI B A L R ML«
42. RRTESSHLH

ASZIGAE Ubuntu 20.04 248 Fidi4T, AbFE8% % Intel Xeon 16 % CPU, W1EA 64 GB, % NVIDIA
Tesla A100 GPU (80 GB .7%), SZURACHLEE T PyTorch HEZE S . #5714 Fif BERT HNZRi N, R ANYERE
N 768, W LSTM FZ4ESE R 256, ZkiEm AIpLHl L BOR BN 12, HIENIE & ALH FIPIa6TE &K
NN 3, RFEE 2 STRRER R RN 0.07, FIRAUE REON 0.5, 31N 5x107°, #HEROK/INA 32,
B RGN 20, FHAH ] A SR (O0AE4E LIES: 5 5 8 THRME L) . B N2 ABEHEZ 1 Dropout A%
FKANO0.1, BRI EZRAREAN 1% 1075,

4.3. TN IEER

EABTEH, KA T ABSA 55 & v faFR: #ETHZE(Accuracy) Ml F1 43 %1(F1 Score).

TR 2R Ty A A B WU AR b 0000 TR A 0 L g, e LR
_ IEBHHN AR A KL

F1 4384267 FeRE 112 (Precision) F1 4 [B] R (Recall), REHiE &1L E B BV TS, &
XUnR:

Accuracy

(17)

Fl = 2 x Precision x Recall

(18)

Precision + Recall

W HER A F1 4040, T LAATHIA B AUYE ABSA 155 RO AR IR 0 S R, AR (A 445 75
J7 PP LR

4.4. JFELEHR

ATAE-LSTM: Wang %6 \[9)3&H T —Fh&h &= L5 LSTM R RL, T @7 mia fl BR3¢
Z IR AR o AR AL A U H S O TR AR DG IRREAE , AT B8 47 Ml $2 1% 8 B o

MemNet: Tang % A [2118BE0 T —FREICIZ M 25 (MemNet), 8t 2 EAAER AU, ZEDHRETT
TP b SORFAE o e 28 (1033 73 77t P T 000 77 T 0 158 bl 2

RAM: Chen %5 A\[22]80# T MemNet #8, f XA LSTM FRoRiddZ, [FIRF 51N GRU KA £ 2
TR IS FIRFE . X P 7 A a8 T B 7R b S B B T g

IAN: Ma %5 A\ [23 142 38 B & IMZEIAN), 1ZARE R A LSTM 43750 A2 i TR AR SCRIER
N, HHATACH ], LR 7 AN BN SO IREC IR

Cabasc: Liu 58 A\[7]3%1E T — AR T W AE R IR, ] P R A [8] B33 = ML R A4 SR 40 A7
7 A RB R R B AR G5 B, DATE AT b 4 175 Rk 2

PBAN: Gu %5 A[24]8&H 1 —Flvr B RO 3 B 1 4%, 8t 5y J T 1] 45 155 8] 2 1] R AR X
B, w7 RA Ty T E LA R B0

AEN-BERT: Song %5 A\[25]1% it 7 — MER LML, 76 LT SChHEEUS 7 T S 4L,
it BERT BT Zridt— D8 t 7B RE .

KumaGCN: Chen 55 A [26]F FVE7E R B S5 M 1 — 20 £ 5 AVEARAE, e BT s R () 00 R, LA
AP AVEAE B IR E R R

WKDGCN: Huang 5 A [27]82 H T —Ff 18 5 K015 (1 XUE 18 B 45 52 0 28 F 07 T 2 AT . 1%
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7 A T U A 5 A B VR ORI A5 5L, (S ABERY S o M A R T TR A IR OG &R, TR T K
WA ) (R HER 1

R-GAT: Wang 55 \[28]# %2 1 T 77 HI TR AR 2544, IR F O¢ 2 BEIE B 0 I 28 (GAT) R Hodk 47
Gnb,  INIfT S B RO IS R S R OB E B

SSEGCN: Zhang %5 A[291%t 5% 5 T 9% 175 8 73 25 (ABSC)RE Y ] I} 2% & 1 ) 1 (038 SR BRI A9 4544

BERT4GCN: Xiao %5 A\[30]45¢ BERT HTEVENTTRFEA (A B B A7k AR, J8 i BIE R  26(GCN)
SEILTT TG A 2K

4.5. LWERR T

Wz 2 fs, SEIRSE R, AdaptWin-ABSA fHY7E Laptop F Restaurant (454 ERIML R, (HIE
Twitter 24545 R IME D T35 73 0f ELAS Y .

Table 2. Comparison of experimental results on the three public datasets

2. AR FFRERE LR EER AR EE

Laptop Restaurant Twitter
Model
Acc (%) F1 (%) Acc (%) F1 (%) Acc (%) F1 (%)

ATAE-LSTM 68.70 - 77.2 - - -

MemNet 72.37 - 80.95 - - -
RAM 69.59 64.61 78.30 68.46 70.52 67.95

IAN 72.10 - 78.60 - - -
Cabasc 72.57 67.06 79.37 69.46 70.95 69.00

PBAN 74.12 - 81.16 - - -
AEN-BERT 79.93 76.31 83.12 73.76 74.71 73.13
KumaGCN 76.12 72.42 81.43 73.64 72.45 70.77
WKDGCN 77.27 73.81 83.66 76.43 75.72 74.18
R-GAT 77.42 73.76 83.30 76.08 75.57 73.82
SSEGCN 78.99 75.03 84.46 76.98 73.55 72.14
BERT4GCN 77.49 73.01 84.75 77.11 74.73 73.76
AdaptWin-ABSA 80.01 77.26 85.36 77.27 75.00 74.01

Laptop £0#E4E: AdaptWin-ABSA R /E1Z AR 4 L IHERI SN 80.01%, F1 04UN 77.26%, WAL
T AT LU RS, JRoR 7 AR B SR A RO . AH LT BB Y WKDGCN F1 R-GAT 14
M, AdaptWin-ABSA R 7EUERG AT F1 4350 1396 29 2%~3%1038 T, o Rz L RE

Restaurant ${#5#E: Restaurant (44 I, AdaptWin-ABSA #AHNIS T 85.36%HIHERZR AN 77.27%H)
F1 0%, SR 5HABBA (G BERTAGCN Al R-GAT)AH L, AdaptWin-ABSA FAU7E 54 4
ERERERE T, U Y GRS AR B BB PR B R A8 AR 4 S BRRAE AR B T 4B
FEE I 5 T B 2o

Twitter 54 1F Twitter 34 I, AdaptWin-ABSA R IR Z A 75.00%, F1 203N 74.01%.
BARTEHERG R DL R m e e Xt LU, (HAE F1 30 R T WKDGCN (F1 530R 74.18%). iX—
GERTH], (RN SCASHE E, AdaptWin-ABSA HIZEFIAIIZE S5 ML PR St 2 B Ra e,
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Twitter i HA B S g S AR IERE 5 450, S BUS AL RHIE SR EU7 1 52 31— 5E fE0 o
4.6. JHEASELS

NP AdaptWin-ABSA AR if S RIHE R, Wit T — RANHMESLLR, 15— R RREUE s AR
B, AT HRMSE R BRI DTER . SR AE RS TR 3, A AdaptWin-ABSA BB FRP AR A

(1) AdaptWin-NoWindow: #55 F i SV GLE, SR [ @ /N S AR T 1705 B & R A
FER SR TR R LR SUE BR B ER % B IE R & B O eSS, BRAESN AT LR SO
J7 TR e 7752 3 R o

(2) AdaptWin-NoVAE: Z:[% VAE Bk, [\ BERT R ANKw, NITEEZ gL . R IRR
VAE A I CE R R 1 R IERIA IEH . T VAE BB, BALYE 5 15 B(E BRI a
RCEoR

(3) AdaptWin-NoAttention: [ HFE LG (ELLECE F, BERUAS 7 T AH O I ia] 15 S V= )
BUE, T2 B FRHER RV E N o 1ZSE50 I T B VR LR SR 5 T AR DRI IBE B R

(4) AdaptWin-NoContrast: FEBRXFLL 22 I, EULECE H, BIAUAFAE BOE FEASKS, HATHEXTLE
e, BRI BT 2028 SR A T VP Ak ) b 27 ST 7R 1Y DA R A7 SR AR M [X 43 B8 0 O THT AR 28R

(5) AdaptWin-SingleHead: ¥4 % kiF @y BBk R /1. WECE FN TR 4504, (UEH—
AN RIS IRTT ARG BRSO R, WA 2 Sk SO AR PRAS 1S B 2 FE D7 T 80K

Table 3. Results of the ablation study
3. HRLSLIOLER

Model Laptop Restaurant Twitter

Acc (%) F1 (%) Acc (%) F1 (%) Acc (%) F1 (%)

AdaptWin-ABSA-full 80.01 77.26 85.36 77.27 75.00 74.01
AdaptWin-NoWindow 76.50 73.40 82.13 75.51 72.10 71.31
AdaptWin-NoVAE 75.29 72.50 80.75 74.10 71.21 69.85
AdaptWin-NoAttention 76.80 73.52 81.92 74.21 72.52 72.10
AdaptWin-NoContrast 78.50 74.10 84.51 77.01 73.95 72.00
AdaptWin-SingleHead 78.12 74.22 84.16 76.03 73.56 71.23

SIS EE R, BRREE Xt o SRUE AR TR, U S BLEAEAS [F S IS R R AR
K5 A EAT AR . B, £ EE R B (AdaptWin-NoWindow) PR il 7 HERUAEAF] bR e b 3h &
FE D R/NIRE ST, I SEAERR SR N %, 2% VAE BiH(AdaptWin-NoVAE)E/> 1 W 78 RHIE &~ 1 3
B, M B IE R IE s J 0t b2 ST B H(AdaptWin-NoContrast) I 4R 7 A5 78 b A [ 475 B 14 34T
XAWEE . deab, ¥ 2 ik = 18 o B3k HE = 1 (AdaptWin-SingleHead A5 T f R BIMSH 1 %, *
B 22 SR R JAEA 3R 2 4 FE 1 B BT T B A R

W 4 fion, A 1% =Ff Al (AdaptWin-ABSA. AEN-BERT A1l BERT4GCN)f¥) 2 ¥ . Hi: T3 &5 A1l
GPU WAFTHFERINT LE o iR 24, AdaptWin-ABSA HAY [ Z4&E 8 110.52 M, #HEELH N 12.5 ms/sample,
GPU WAZETHAEN 800 MB, AHHL T FLAMIELRAEAY, T4k 38l FE A0 P A7V FE RO IRk . AEN-BERT A
BERT4GCN 5 8Y [f) S50 Sl AESE0H FE AN N ARV AR G m, =52 BERTAGCN BLAY/E GPU M AF
THFEH TR o M LU R, TELRIER R PEREI AT T, AdaptWin-ABSA 7EHEHE R AN ZHIFTHAE
BAE—wMMmA, @l TRIEZRIRE.
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Table 4. Comparison of model parameters, inference speed, and GPU memory consumption

4. BRSHE, HIERES GPU AEHEEXTEE

e kit SHEM) HEELHE B (ms/sample) GPU ATFiH#E(MB)
AdaptWin-ABSA 110.52 13.5 800
AEN-BERT 110 12.2 850
BERT4GCN 122 15.0 900

3 JE/RT A _contrast 1 f IANFES B AHER F1 0800521, EIFRR 1_contrast BB %15 F1 4L
Z AR %, B A_contrast A 0.1 3GINF 1.0, HALH) F1 38U I T1ae, RUNZES AR
BORPERE B TARAER . TR T g S5 F1 80U, BEE g ERIEM, F1 280504
Th, KW BRI RS L . XSS RO B B SR AR RS AL T K

Sensitivity Analysis of A_contrast

0.80

o
y
©

e
~
=

F1 Score

0.72

0.2 0.4 0.6 0.8 1.0
A_contrast
Sensitivity Analysis of B
0.80

F1 Score

0.70

Figure 3. Sensitivity analysis of the hyperparameters A_contrast and S

3.2_contrast £ 8 S BRI SH

4.7. AFKERME D

AT RE AdaptWin-ABSA LR ER U SURIUHE I L OAMCR, R4 08 T KA T B
LRSI, T 5 PEE R MR . HTFIX— %18, 4 Laptop. Restaurant Fl Twitter 54 4
HO PR SRR ) F K B R A K R 0 L, 2 SO ) F R BER T U T PRI KA, 2
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ZNFA) . BRI AR

EL% 7 AdaptWin-ABSA # 7 5 AEN-BERT #1 BERT4GCN #4575 A [A] 41

TRETHRI, Hrh AEN-BERT fEiff CELf# 1R IELF, T BERT4GCN {EZ ML 1E B AR LA

EERURE

P 4 PR ses 25 RG], AdaptWin-ABSA fEK AR F Ba g LB A0 T 0 EUBE, JEHRAE K
AT LRI B IR T . ALY, AdaptWin-ABSA TEALERKC )7 B BAR S, XIS T HAE
SRARE SORULEC T T A . S AKE, AdaptWin-ABSA TEKFLA)I 50 PR T Fafd i rEre st

XTG4 55 K e 1

B

Short Sentences

90
[ AdaptWin-ABSA
71 AEN-BERT

7N BERT4GCN
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Figure 4. Accuracy performance of different methods across datasets (short phrases on the left, long
descriptions on the right)

E 4. EHFETRREE LNERRRIGEAEE, KIERH)

Aspect: Service

Before Sliding Window (Service)

0.1 0.1 0.3 0.2 0.1 0.1 0.1
Service was slow but people were friendly
After Sliding Window (Service)
0.8 0.1 0.0 0.0 0.0
slow but people were friendly
Aspect: People
Before Sliding Window (People)
0.05 0.05 0.05 0.15 0.3 0.2 0.3
Service was slow but people were friendly
After Sliding Window (People)
0.02 0.05 0.05 0.05 0.3 0.3 0.4
Service was slow but people were riendly

Figure 5. The sliding-window mechanism enhances attention distribution in spe-

cific aspects
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FF 5 el Ak g el LUE H, B LI ABSA AE 55 A %t 1 15 I B e A B 2 3R T T .
TEW TSR, SR AR AR, A8 T2 TR0, AR &N G, 577 i 1)
(G “slow” XfF “Service” , “friendly” X+ “People” W EE T2 10N, 2 25 77 T V8] B 1] A% 25 0] B &2
FEAS o W EALIAE 8OR AR T 5 07 TR A DG IR G B 3 85 I, , B9 1 AL AE ABSA 4155 H 1% BN 2

Kl 6 s TARIVIZE B AR TR, B4E 28 45 25 (L_CE) RN LE45 2% (L_contrast), 7 LAE 2
BE A VISR RGN, BRI B, REIBAIEAW A . NS 1A R R AR (A 28 12 4 L fin A
BN E IR Pl FR AR AN HERA ) BE I ZRAe I A4k, BEE IIZRIREAT, BOBAEIX Se a4 IR
BPHRTE, - PIRUE 1B 1A A Rz Ak e

b PSS i

0.8 — ZUBIRK (L_CE)
\\ — VAE#RS
06 .,j.: === JJELIRSE (L_contrast)

0.2
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0 8 . 16 20
4 YIEREIR (}:Zpoch)
09 ISIESE EROTEIEIT
0.8
W o7
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0 4 8 16 20

YIEREIR (]:zpoch)

Figure 6. Training loss curves and validation evaluation metrics

B 6. MR H% SHIERITAIER
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ASCHR U AdaptWin-ABSA AU IS 45 & BERT. 287> HtS2$(VAE). [ I&E NS & WL At b2
SN, T T A RE R TS R R IX 2 BE R B R SCRHIE SR . fE A A TR
(SEMEVAL 2014 fil ACL14) E 5236 %5, AdaptWin-ABSA 7EVERGZRA F1 55 N T IAE K FR 7
W, IR T AR 22 07 T A3 T o 1) R RE AT S 1
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