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Continual Attention Modeling for Successive Sentiment Analysis in Low-resource Scenarios

ZHANG Han, WANG Jing-Jing, LUO Jia-Min, ZHOU Guo-Dong
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: Currently, sentiment analysis research is generally based on big data-driven models, which heavily rely on expensive annotation
and computational costs. Therefore, research on sentiment analysis in low-resource scenarios is particularly urgent. However, existing
research on sentiment analysis in low-resource scenarios mainly focuses on a single task, making it difficult for models to acquire external
task knowledge. Therefore, this study constructs successive sentiment analysis in low-resource scenarios, aiming to allow models to learn
multiple sentiment analysis tasks over time by continual learning methods. This can make full use of data from different tasks and learn
sentiment information from different tasks, thus alleviating the problem of insufficient training data for a single task. There are two core
problems with successive sentiment analysis in low-resource scenarios. One is preserving sentiment information for a single task, and the
other is fusing sentiment information between different tasks. To solve these two problems, this study proposes continual attention
modeling for successive sentiment analysis in low-resource scenarios. Sentiment masked Adapter (SMA) is first constructed, which is used
to generate hard attention emotion masks for different tasks. This can preserve sentiment information for different tasks and mitigate

catastrophic forgetting. Secondly, dynamic sentiment attention (DSA) is proposed, which dynamically fuses features extracted by different
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Adapters based on the current time step and task similarity. This can fuse sentiment information between different tasks. Experimental
results on multiple datasets show that the proposed approach significantly outperforms the state-of-the-art benchmark approaches.
Additionally, experimental analysis indicates that the proposed approach has the best sentiment information retention ability and sentiment
information fusion ability compared to other benchmark approaches while maintaining high operational efficiency.

Key words: sentiment analysis; low-resource scenario; continual learning; Adapter; attention mechanism
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ocfé:ooq DOO‘OOO( : . ?
........ — . : \
| oaed 5

&)

w[O0) [Query] [ Key ] [Value]

i [FF Down ' |
Concatenate
\ DSA

K3 SMA BEELURI DSA itk

K my 5 0, LIRS R (10 /3R A A 22 T 24 WA 55 ) B R B, AN Pty 2 22 A 1 JaK
R B FE22 SUBE 55 I, B S A Y SR HE RS A 5B T2, B S it s 2 IR RS B BT 35, BT 55 ID
1, m} SR ZTT S BRI KN 1, RTZAN T B T A AU S 2. R A 4 AT 55 B R e % L
FErh, iZAN T BT R U AR S R AR SR B B, FAT TS 1 —m] S LHR L, BRI 2 2 TCHOBE FE 2B 0N
0, F EABR iz 22 7T 1 2 BOE 3, AT AR 22 FOE IS 2. SMA RIFIME S5 ¢ P2 IS ARG A2 2505 « 4> Adapter
FEARSS tH1 LR L, 7 1E B S 0 A KR B S, AT DR B 20 27 ) B 1 15 .

N T ARUEB T AL R, ARSI N— N BORRE ZH s 18115 Sigmoid BEUSCN AT I DB ER BRI, sa FRIEZ
HIAESS VI GRIT BT 2 s KA. FERME S HIUIZRIN BOT AR, WIAG M BIESS 1 s O 1, BRI Sl 7T
TH AR AR LT T 0.5, RN MZTHGE RIS R, A SR AEEAT, s IR5 A 0 (8) Bl K, 25 &2
5 RI, 1ZBR OO — R Db B BR B 2, B 22 0 A R A Y ) BT 0 B 1. FRATS B AR5 10 s A2
Sman LNV B KABL ST e FEDNRET B, 2B F ST 1 s TF TR RS KL

&, =(1-m)80,, )

1 \b-1 1
= | Smax — —+ 8
y (s Smax) B-1 Smax ( )

BEEERME SO R I A (7) Fow, Hirbrg,,,, 358 1 Adapter 1 FF Up HIJSUAEEEE, m! X5 1 A Adapter
1 RAL A EAERD, ¢, NIBEUR IR, s BRI R 0 2450 (8) P, Hob b Fom Ml b5, B
IR —> Epoch 08 (@ fHR. BEAMME S BN ZRI BOIFIEET, s SHIIENN 1, spe NZTESNZRBT BAFHIK) s
i AE, T R S ATE S ACORREES 4 s s 7 DL RIS BN 2% RS e PERTRT 28 ME, 2 s i T 1 B, BB iR
Bt T8 Sigmoid BEL, W48 (1T S8 o, BEE UIZRIIEAT, s I K, 1% oR B 3% 7 R O I B BR 4. Itk
R P 2% 1) T S8 4 T B, AL AR M B 5. 7E IR I AR RR I B, SR R R AT S e 22 O R, B R EE SR
Ak

s 51N T LAS I T G O B SR ok 2, A T4 s P A 4. (R 22 5 ORI [ 55 TR HE R B N0 BE AR /DN, TG
R IA B AR KIBE B TR BTIE S, N T R AN iR 8, FEREAS Epoch (8RB BT AT, A SCS X HERD HRN IR I AT b
£, DL ¢ A~ Adapter 1955 1 RAEAH], 86 FME IR WA R (9) Fiok:



8 R Sk AT S A

. Smax|cosh(s-e} +1)]
8a = s[cosh(e!)+1]
S, gl FTREPALSS £ 4> Adapter 5 1 FAEEBHETYHKIAMEBAIE, cosh FR 0L A FERIH, coshr = S5
el TR 1 > Adapter 55 1 RAEMIHIBARADIRN, s M s J9F 1 R 235 1L 1) 1 40
2.3 ATREBERERNSERIET (DSA)

RN T 5 R4S S, T S S R R X B E R E, RGN Softmax B
—HB I BB AT A — A, S JE I BRI B 7 B 456 o TR UK IR AT AL B 5 51 SO,
R AE NLP Ak ) 12 .

2% AdapterFusion[lg]El@E K, AR A G NVER AU T 85 A [F Adapter % 2115 85 B SR {ERFS:
) ECN, AN FUESS B 2 5 I 8] 25 RS2 Bk 0. Rl L JEik{# B AdapterFusion [ WY B 5 i, B S s
SRIFREME S0 Adapter, 285 B I 25— 2 BB Fusion ZHHTRALE. BUL, A SCIR KB &% BOE R /1 (DSA),
DSA 4e9 —HIERNZHW, « W« W, IRYEI R0 AR A ANE S5 [ AR DU BEAT B ARk 6, 5 2 AT S5 AR
B E IR S5 1K) Adapter AT ERER N IG BUE B 7ERL G i 72 Hh BAT 3E R I .

N T IR Adapter iR AR R IR, ASCE FAL IR W E N 0, 752209 0.01 (RN, BEHLAE R Wy, F Wi . 2R )5
118 Pfeiffer 2 N\ &, ASCH Wi (06 B EUEVIAA N 1, HoAR O B AL IEIE N 0, J5 %K 1E-6 14 fik
MUAE R B2 RLAE. oAk, AR SCEERN IR A I R X W A A L2 Va8, B 2 ORIFAE R IR A0 AR 5, 8 o 5] NSk
SRS

W 3 fw, BATS5 ID 4 ¢ 6 %6% CAM AR R b VBN Query. 2854 1t ISR £ A~ Adapter, 13
FIANFEMER a,....d_,a . FEEK,...,d o FHEERSIA . ERE SRS, RITEE®K A /E4 Key
Value. DSA 3@ = Sl A [F) Adapter #iH 12 7R, 7] DURI AN R Adapter FI1E B85 Bk AR T 55 B
TIATPHER B A R BEE I AP E SR, AT H K, A G5 WEHMER 2B #E £, F i DSA 7] L
TERFEL S 215 T AN RE . ILAh, VER T K/NR B T /R E] Adapter it 22184 85 B IMAR LR, Xt — BRI T
FE45 1B AR ARABLEE . TR A5 IR LR S I R o, 55 2 A S5 ARABLE v IR 2% B I F 22, S A 55 (1) 1 IS R S TE R
EEPUR L LR T SE= S Y VAN =X /N T PP

(C)]

Q' =Wyh' (10)
a, = Adapter; (") (11)
A' = Concatenate (d,,...,d,_,,a, (12)
K'=WiA' (13)
V=W, A (14)
¢, T
Score' = Softmax( v ) (15)
O' = Score' - V' (16)

v, b 3 CAM IIFIUEHINBUE 2R, Adapter; 37~ SMA HX 5 i A~ Adapter, Wiy, Wi, Wi, NIEEG T2k 5
], n v Q' WIFFELETE, Score' NVA—NIE IR J1155, O' 2y DSA FEHLHH.
2.4 SEINESIERADTE SRR R

TEFFBEA )35 R, B 2 I 8] 25 75 R (7] OAE 45 BN 2t L 3EAT N4, DRI A ST I 25 H s 2 B/ IME 2481
R 8] 25 56 REAT 45 (928 a5 2. WAk, N 7 BRAIEAT 55 HEAD B R B 1, RIS A o RAT 25 0B 2 B ), 2 SCA A8 o
—AN L1 IERI T, ZE I ZRM B, FoAT 18 F 30 0E AR 20 R B A B 240, e F 28 U A 2R foe /S RO RSE BY S404E g s p e
BSHL IR B, AV A S BB M R, BART &, MM S BAT 55 ¢ BN )5, BRAE AT ¢
AME S (IR AL HH B0 UE AR (14 155 B S OR B R RS B B B 0. IR MRS 1D O o, W 2R BRI 2R
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AR 17) Fis:
L(0.Fm) == [Frlog(0)+(1-T})log(1 - 0]+ A, a7

Forp, L FRORBERERESS ¢ BUR BB, N OAESS « FOUIZREE TP B8 BT PR SCA RIS H, O) & UMES ¢ HITE
WA i R NS RIS, Y AEST ¢ SPIPO SOA § IS B AR RS, m B 52 AT 55 ¢ IR 15 3
Rt S B, A 08 L1 WL 24

3 LWRESER

AT TR TIA T, ARSI TN 5 3.0 TEENALRINE, A EURENE. STRES L EME
5 R I PR 4B AR, 28 3.2 T E A ARG AT F A SR 7 v B 3.3 W BRI AT T CAM AR R ST

IR 3 AR AR ST A
3.1 WRE
3.1 RN

IR SCRTIR, & 8218 B BT AT 45 T DAL & R R I8 00 BT A1 45 28 84 (0 1) 7 1% 1B 43 R BUR P 4 1 IR
%)« KIAT i%ﬁﬁﬁ&ﬂ(ﬂ@ﬂzﬁ, T PN S A)F R R AT 55 1A LR ME SR 42 Amazon Review
Dataset"”"/fil Mtl-Dataset™, ¥ 7 U7 5 T B0 E L5 B M 25 B 4. 3% 7T LU RO PR B 5 B AN
Ji RS RS BOREE fe ARSI SR A Re 77, TIPS A LR B SR A B SR g i A2 T DA 4.

Amazon Reviews Dataset 5821056 T FH /7~ X 7 By b o4 sl BLAS [R) 7 ot T VPATY, /B0 2 00 3 25 T B 3db FH P e,
BRI B FE N 1996 4 5 H 2 2014 4E 7 A. i Mkl 4>~ 24 N4, 4 Pet Supplies. Office Products. Kindle Store
5. Mtl-Dataset /& H1 Liu 25 A\ PR H BRE 16 NSRS A SCA B, Hodh il 14 NS4 5 AR )
PR, HATBIAS N IMDB $dE4E U AT MR $#E4E “Y. IMDB A1 MR 8 SR O 48, SN EIRE S 24
), HARBGR o), % T Zooth or 5455

B, AR A LA SR R 3E 1T AR . Amazon Reviews Dataset [ F'¥F2 2085 A&7 & 1D, ¥F
PSCA ARV & BARTE 53R 5 ANEG (1-5), ASCHEAN 1. 2 FIPFR R U VR, B P 4. S
PR IET PRI, H4 M8 R B $REL 23 AN [ 9038 PR AN SCAS RO B ) 4 26 iR 1 AR 25 RN Automotive 4t
T ER A B AN AL, Bt LUK A5 B, {5 R R Ay 23 /N4 i) s

HR, NT AL BCL. CTR Mz 45 475 L, A Amazon Review Dataset &Il 43 A /N $di £
AR10 F AR13, JLH AR10 5 5 CTR 58 B E AR 9 10 ASSURATE P, AR13 WAL HERH 13 FiA[H
AT IR S PP ASSCAH A Mitl-Dataset S DRI 16 ANSUIIPAN SCA RS B (1) 15 25 A PEFRZE, 8RR A MD16.

F BB AT ST RA , RSN AR TR SR o T ISR AE B AT 55 48 25 AR10mini, AR13mini
A MD16mini, H4HE B W2 1 s, £iX 3 MEEE T, DEE R ITE SRS IG5 IiEEMNE.
A% Ke 25 NPIIRE, U IR TIRE B AR, BRI SR 82 A BN BOE SR 10 o Lok, I RR (36 B AE 5K
B A RE RO 49 N DA AR, Ak, ATV A TE N 2 FEA . B8 58 78 2 ) S e SE AT 4R e % ik — 0 3
AR 25 HEE, I BB i 4t S5 AN ) 525 (A 8 Rz A . BRI, AR ST I ZREEA L 2% 100 % IETHT PR A 100 2% 67t
Ve, T s B IR AR SRR 5 T 22 ST R ). B4R AR & A 250 45 IE VPR Al 250 4 Sivrie, AT
IS UF A5 R OR B 1 B DAL & 15 M5 B e

R WAEELE 3 A HAREE R AR

ZH AR10mini AR13mini MD16mini
Task number 10 13 16

Train 200 200 200

Dev 500 500 500

Test 500 500 500




10 A T

312 HSHWE

AR T S Heam 2 e B, AR E T Re 7820 IR AR ST VR B Rk, A SO ) BERT
#i% fdi F Huggingface Transformers J% /7 [ BERT-base-uncased #% Z #3t 17 #) 4516 (https://huggingface.co/bert-
base-uncased), 44 F I KA N E BN 128, BEACE AL LR K0 SCAR . teabh, A S0H Adapter IBRK)Z
S PRI L PRI DD i N RN 4 B2 #8256, Dropout #4 0.5, L1 IEM R E N 0.5. AL Adam fRAIGER, ¥)
U85 SRR SE-5. BAME A HHT 55145 10 4 Epoch, YIZRK BT batch size B8 16, 3 3E A0 B £
batch size ¥ 5 32.
3.1.3 P HRAR

ARSCAE FIHER 2R (accuracy, Acc) Al Marco-F1 (MF1) A A BRI GE AOFR bx, 18 ¢ K056 210 o w R 5 i
Z IR 2 B B B EVE. Ak, A SOt — A 8 2 (forgetting rate, FR)™SICI6 IERE Y (1) 15 85 AR B BE /1, FR
S A A (18) s

1 N-1 . N
FR= ﬁZH Al Al (18)

Forh, NFRIRESS BB, AL RORRBAEATESS | ESEONGRR, FEAESS | BRI R HERG 28, IR MR R AERRZE (forward
accuracy). AY RRBMIEATE N LRl )E, fEAT5 i BRI AEs 2, R 222 3] e T 5. TEfF4t
ST, AY R TE SRR AR, XA T R B B A VR RS, B TR S SRR G — M S N S EHEAT A,
FTEL FR 75 RS N — 1 AMESS. FR FIBUETERIE (-1, 1] Z 10, FR #8/INE BIRERY (75 18805 5 OR B g 0Bz,
% FR N0 I RWBRAR SRS, 2 FR OGN, RUBRMOEA BS, KNG EE BRE, 315 110
RS e, BRI RERSF F IHAE45 11 RS B DU 45

32 BHERE

ARSCAE 3 MR TTIRE LS B AT s 42 LU CAM 5 HAh IR HET7 v, DA TITA CAM WA RCHE. FRA 1 1
WU R TT 0 9 3 KR, BRI k.

(1) 241554 2] J77% (multi-task learning approach, MTL)

AT 2 I E T 55 N SREDHE S — M UIGRER, SRR R A DHE S I SREEEAT I 2R, %7 R A B
YRR FF G ST R RE 5T SR 22 AT 4525 2] 7 v TG v B 5 008 O 3 s 75 T AR 5 4 R BT AT 55 I, 400 5 22
FHT BB SRR T T UI 45, X R = B BV GRS A RN B T RS Ak, AT 452 2] R B — EAR W T AR 55 18
P, SRT, A LR B A HRR, Tovk— B, B 2T 55 5 2 4% 2 52 2800 Ba AL 1] L R . 72 S,
FATPHE A RS KNI ZREE, 2R)5 0R ¥ BERT B,

(2) FEFFLE4 2] J77% (non-continual learning approach, NCL)

ARRREE2E 2] T AN LR A ROR B 0] R, B RN AT 55 (BRI SR Y. AR SO 3 P RUME S, Ak
MF PR,

® BERT: #%ME 55 17 FIAR RN 25, R4 24 AT 55 BOR 00R 24> BERT AR BUFIXG RLAT 55 (1 237 k. &5 E A
SHEmZ, AT EIERE B AR AN,

® BERT-Frozen: %45 BERT #MY, (XA 24 BT A 55 B0 o B AME 5565 B2 7 Sk 205 B0 S 8o b, A
B o KA RN TS, (H 3 283K ST BB A BR, 1B B IR,

® BERT-Adapter: %45 BERT #8, MR 45 24 fiAE 55 845 i Adapter AR AT 55 (170 Ik, 207 i 2 40
, PR SBE JIN TRI R TV 2 T

(3) #8224 2] 77V (continual learning approach, CL)

T RS BAE R, B B IO M s, FRE o) iR IE N U IR T, B0 R R AT S S0 A
SO AR T U B AR (8 D7 iR AN 2 A 1 B B I T VEE R AE T, IS T E T W R Oy T RIE AP, AR
J5 1 #B %l BERT-Adapter {E EERIHESE, BIYIIZRd #2 R 45 BERT #E8Y, (U140 43 25 3 A1 Adapter. %1% B-CL.
CTR X ZE7E Adapter F:fill B INHRAEHN T 1%, SEgah i 2042k, Adapter F1J7 72 P (R AR S ME B


https://huggingface.co/bert-base-uncased
https://huggingface.co/bert-base-uncased
https://huggingface.co/bert-base-uncased
https://huggingface.co/bert-base-uncased
https://huggingface.co/bert-base-uncased
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o L2P%: L2 & — 7] 8 HL 40 i (1 356 T 10 D Ak R R 2 5] ik,

o EWC™: EWC & — R+ 347 10 IE MK 7 i, 1% 5 36 T DU HE R AR, B5IN T — NEAMO RIS 50 ¢
[ IE U 2%, Z AR R ARG A [ S 40 B B SR BT T 55 VI 3 B B B S R B S8R IR B S50, AT ik
G A ST 9 A B R

© DER++": DER++& —Fh Al B FR 4225 3] U773k, %7 VR 45 & 1 AR 2R 1E W4k, mT DA A PR A 25 0, 2
TR 32 A .

o HAT: HAT it RS A 3% S5 LR AT 25 BOAS [R) SRS ) S [ 350 20 3B AT 2, AT R M 25 20 IO B RS 11
ANTRIR 43, o) B 3 e D T DU O % 48 2 A B AT AR B P 2O, B R A LI s e .

o B-CL"™: B-CL i FH Ji 8 9 2% S EDURS FZRFAIE, {8 FF 2045 3% e AL ol i &5 S [ P SRR B R 45 4E. 41, B-CL fi%
YT HAT OBEYE B S HL], S AR [ 3 0 HEAT 55, SEBUR [FAE 55 18 A9 2 3068 5. B-CL 383 [ i Fh e ff 45 &
B E TGS, MR B 1B BME 8., SR ¢ MM 18 ) /.

o CTR: CTR 7£ B-CL FFERl 5 25 oLl 7 56 R B e ML, 8 R % AL Al — 77 T T LA 4 i
ARBME 25 RRAE, $2 TR I AR AR A AR, 53— D7 TR O T 3025 16 FH R 2 e BURE O IR HE 1) i) 8, LA RGP FA 9L
SR IARREE S R .

3.3 LIGER

FERFSE2E ST AT, RN [ AT 45 7 5 AR R Mk ey — s i U, DR, AR SCRE ML A A SO 4R (KR [RT 45 7 41,
TESER R, FATHEHUEL 3 AMT55 751, FHEUF &5 P E M AR L NS I 45 . CAM AU A B AE 7 VETE 3 M4
AR BRI 2 Fos. ol M1 A Ace PSR VPl A ZY (1) 15 I AR Al - 58 0 (BB 4T), FR I SRVTAG ALY
TE R BT BT (B LT). BT MTL PfHEATAE 55 I 2R 808, 88 R 29125 — K, BERT-Frozen-NCL /572
RNGRRe e AT 55 0053283k, BT DX 7 S ANAFAE R M PRI 10, (R FR s

2 CAM 5 HAMIEAET ARSI S5 R (%)

. AR10mini ARI13mini MD16mini
Backbone Baseline
MF1 Acc FR MF1 Acc FR MF1 Acc FR
BERT MTL 82.83 83.93 - 84.79 84.85 - 86.65 86.68 -
NCL 69.30 71.92 5.85 62.40 66.46 17.68 56.61 62.56 22.04
BERT-Frozen NCL 64.72 66.05 - 70.75 71.31 - 67.92 68.36 -
NCL 41.71 53.15 14.65 49.56 53.62 21.83 41.89 51.18 20.80
EWC 51.47 56.71 10.08 59.77 64.31 12.27 69.45 70.24 12.91
HAT 76.81 79.01 -3.22 80.95 81.38 -2.22 83.29 83.58 0.59
DER++ 59.80 68.19 20.43 60.45 62.06 27.57 66.36 69.70 18.28
BERT-Adapter
L2 62.75 65.94 14.53 57.90 61.34 19.37 58.12 60.89 19.77
B-CL 78.95 79.84 -1.39 79.58 80.08 0.72 80.39 80.95 3.07
CTR 79.37 80.82 -3.44 81.67 82.40 -0.42 84.23 84.40 -0.35
CAM 81.15 82.27 -6.83 83.90 84.00 —2.27 85.22 85.29 -1.37

I AT s R, LR R E R

(1) CAM 7 3 ML B MF1 A Ace W35 B IEHETT 1L, T8I Fraad 2 ik e ge 57 MTL,
X E B CAM 1] LU OIS FMESS 15 R 0. 5 CTR AHEL, CAM 7E AR10mini A1 AR13mini b ()1 A8 553541
T (p-value<0.05), Xt — L ] CAM F A7 St 115 B s Bt & 68 .

SUG 2 R H R RS B RS T (CAM. CTR 25) 1 Y 5 35 B R 25 18 15 I3 B Bl & 10 07 12
(EWC. DER++%). X UL WS SRR 5 N IS B BT 4%, BN S IEME Bk G e i+ 4 2, Ry ]
L7843 FA AN [FT 45 BOB0HR, AT AR A BT 45 U1 S350 B 2 1) .

CAM 1£ 3 NMEE - TERE 5358 EWC. HAT. DER++. B-CL (p-value<0.05), X 7338 1E T CAM

allid



12 BB AR R B B )

HRME. CAM BT 5 EA5IRE B Rl G B LR s i (2774 CTR, £ AR10mini. AR13mini A1 MD16mini iX 3
MRS L BIRTE T 1.78%/1.45% (MF1/Acc) 2.23%/1.60% (MF1/Acc) F1 0.99%/0.89% (MF1/Acc). t #5645 5
K, #HELT CTR, CAM 7E AR10mini I AR13mini F4&F- T3 (p-value<0.05), X B CAM BA B 1IEERE
HEh&ae S, IbAk, CAM 78 3 M4 ErtEfe 5 MTL B2 EEAN 1.08%/1.66% (MF1/Acc). 0.89%/0.85%
(MF1/Acc) F1 1.43%/1.39% (MF1/Acc), X B8 CAM oM@ Re4k 3 2] Jr i Bt e fe 5 MTL, it —25 50
iET CAM M7 Rtk

(2) CAM 7E 3 MRS L1 FR BT H AR 7 1%, XU CAM BA AL i 5 (5 SR B 58 1. LLAh,
CAM 7E 3 MR L1 FR 320513, X UL CAM AT DU — 25 SE % A5 R I AT 1 56 85

ASBIT IS F (FR) KA (1155 BA5 BRI B 77, FR $aAmtl/N, B8 115 85 SR B A 1. 5 181
BAZ BART 77 (W HAT. CTR) (9 FR 18AR B R T HAMZEAE 715, B FR BUR I 5 M Re 5 4, 1X 1 B
B XM BRI 5T RS E B BT AT 55, BB 1 B S BAR B Re 1Ty 2L, BRIk v] DU RUER AR 5 i MR 18 s
i) .

CAM TE 3 MR B FR 8435 05/, BARSRUL, A SCHEH 19 CAM M8 T FR B/NAIEEHE % CTR,
fE AR10mini. AR13mini 1 MD16mini iX 3 NGS5 Al 4k 4E 5K T 3.39%. 1.85% Fi1 1.02%, XK CAM
BA RIS RE BIRERE S, HAh, CAM 1E 3 MR LI FR #8514, 1IX R B CAM TEFRFE:% Sl R R MY
WA RABE, RiBEERESME, BF T — Nl B ee . B R R R O AT % AR, S 508
45 1% 2 3R,

(3) A SCE T RS2 2] I VR R G S IR AT AT 55 7% 3R DUE S RIS R IR = T B MBI AT AT 55l
SRERE B 2 19 1) R

SO 45 TR B G AR SR AT S5 H I 2, RS 0 U VA I Ik A ol A TE R T . BLR SR U, AHER T
AR10mini, CAM £ AR13mini fl MD16mini 4> B3 F T 2.75%/1.73% (MF1/Acc) Rl 4.07%/3.02% (MF1/Acc), iX
PRI T AR BRI 5 R LG BT 55 03 X, iZAT 55 T8 SN RE WS B F Rp 827 VA LA Y B ) )25 2% ) 2 M IR e i
{145, X AT LA 2R AR T 25 VI GRBE B = 1) R, AT $R IS T P .

H— T, MELE BRI L, ARG ER FR B 2R HHE K. Bk UL, A% T AR10mini, CAM 7E AR13mini
A MD16mini 8 FR 53 33T T 4.56% F 5.46%, 1% /& BT HFp4L 5% 2] 3 5 P B SR IR ) AT 45, T B3]
AT %, B 58S, R S5TSBERE, R85 ) B RS S AT &, A FR RTE IR
MIPLIR S BE ST, T MF1. Ace JVE 2R (1) S AR T B

4 LIS

AFTHATT 3 AT SRIAE CAM A BRI AT 2. 36 4.1 FTIEI 0 CAM AZ OB H ) Bl S 56, 30IF
CAM AR [ERRH A F RN G Rk, 28 4.2 F5i@d 2 CAM 3 A\ H Transformer layer %%, M5 CAM £ A [F) 53 42
R REAR AL A B, I A ST S8 B B A TR, B 4.3 T LR CAM FIUR [R) 3 HE 5 S AEAS [F) B00E 2 45
TR (8], %640E CAM HIiB4T 3K,

4.1 HRAKWE S

AFTU T E X CAM AZ OB RS 50, #E— B30 F CAM A S B ) AR, T Al S 38 45 R 403k 3 FioR.
BAKTMIF, CAM(-DSA, —-SMA) RAfH—A Adapter % 2] fTH {15-. CAM(-SMA) [FI#: RAf F§—> Adapter, H£
# Adapter fliEUA FAF 55 045 49 B RFIE S DSA BEHGHATIH M5 Bl & CAM(-TSME) MIFR T 5@ (F 5 B HE
B B AN AR, AR A 7R (g k5 A% P A8 R 8. CAM(-DSA) fERI& AN [E] Adapter i1 HUAE 21 45 4E IS A3 48 A 137 B
] Concatenate J5¥2:. SZEG 45 AN 3 Fian, R R EIF BAK ) HT.

R 3 1T RUR I, MIBR SMA B TSME #B<x 51 ™ H 1) 9¢ M M8t s 1) . HART &, 78 3 M 4E |,
CAM(-SMA) T CAM 735 FBE T 16.08%/15.72% (MF1/Acc)~ 15.12%/14.08% (MF1/Acc) F1 15.65%/13.81%
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(MF1/Acc), X R W5 EAERD 143 T 2, &l DU SR AR i 4% B E EAR B AE /7. lh4h, CAM(-TSME) 7 3 1~4X
P LM RERY IR T CAM(-SMA), IX3EH SMA H 1% > Adapter M8 — EFEE L G2 o MM 18 X ) .

R 3 CAM DR R SE AR 45 R (%)

I AR10mini ARI13mini MD16mini
Mode MF1 Acc MF1 Ace MF1 Acc
CAM(-DSA, -SMA) 65.44 67.33 62.06 64.15 61.42 63.08
CAM(-SMA) 65.07 66.55 68.78 69.92 69.57 71.48
CAM(-TSME) 67.73 71.66 69.76 70.31 71.42 71.79
CAM(-DSA) 78.91 80.68 80.02 80.17 82.50 82.90
CAM 81.15 82.27 83.90 84.00 85.22 85.29

B AT S5 BOR I N, CAM(-SMA) [ TEREZ T B CAM(-DSA, —SMA), 1X 1t BIVE & S HL 7T LLA 20 & A
[RIAE 45 (s 85 2., TR FHAR T 1 . b4k, CAM(-DSA) 7£ 3 M4 L5 CAM ) MF1 18 Z 8555 R
2.24%. 3.88%- 2.72%. X ULHAHE T ¥ # /) Concatenate fili &5 7775, DSA 1J USE AT skt il & A5 7] Adapter #HX 1)
FHAE, SRS T4 (6] B 1B B R R, AT SR PR P .

4.2 T Transformer layer #{HIX3 LS58540 4

A3 Af H BERT-base-uncased BAUAE N FERENESE. £ 57 %838 /2 %4 Adapter 4 A 3432 Transformer
layer 1, {UIR S 4R /MY Adapter. 2T, fEAE SRR 215 N, B AF S 20 38 n, A8 S 5000 & 77 i)l
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