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Abstract: Multimodal aspect-based sentiment analysis (MABSA) aims to accurately identify aspect terms and deter-
mine their sentiment polarity from multimodal input data. Existing studies focus on integrating multimodal information to
improve sentiment analysis performance. However, they still face two critical challenges in multi-aspect and multi-senti-
ment scenarios: (1) a lack of comprehensive perception of aspect terms in multimodal input data; and (2) sentiment semantic
bias, where current models tend to focus on sentiment semantics strongly correlated with specific aspect terms, while ignor-
ing weakly associated yet equally important sentiment cues. To address these issues, we propose a novel multimodal aspect-

based sentiment analysis method, ANAGAL (Adaptive Noise and Aspect Graph Association Learning), which integrates
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adaptive noise handling and aspect-graph association learning to enhance analytical performance in scenarios involving mul-
tiple aspects and multiple sentiments. Specifically, an adaptive noise enhancement module is designed to supplement aspect
information, thereby improving the model’s aspect perception and robustness. In addition, an aspect graph correlation learn-
ing module is introduced to associate all aspect terms and learn related sentiment semantics. Extra parameters are further in-
corporated to calibrate sentiment representations, enabling the model to capture more generalized sentiment biases and bet-
ter identify sentiment polarity associated with each aspect term. Extensive experimental evaluations on public datasets dem-
onstrate that ANAGAL performs exceptionally well in addressing these challenges. Compared to existing state-of-the-art
MABSA models, ANAGAL improves precision by 1.46 percentage points and 1.56 percentage points on the Twitter-2015
and Twitter-2017 datasets, and by 2.48 percentage points and 1.55 percentage points on the MASAD (Multimodal Aspect
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Sentiment Analysis Dataset) and EmoMeta datasets.
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4 KBWESH

TEA T v, AR SO FH PO AS 2 84 42 B X MATE |
MASC Fl JMASA 1 55 47 T — R AN L5, LLVEAL i £
Y ANAGAL B R AT R . SEeds R B ERIE LU
FAFFE )R

RQ1: ANAGAL F1 H fih i MABSA £ % A L, 78
MATE .MASC F1 JMASA {F-45 | i1 g fnfif 2

RQ2: FZRHAAT 0 ANAGAL [ HERE?

RQ3: A[a] ez 2y X Uunfar 52 mg ANAGAL H:RE?

RQ4: L E Wl 52 ANAGAL [ 1ERE?

RQ5: ANAGALEFLIEHE A b AR BLACR anfef 2
4.1 XWEE

Bl 4 - EARBESE b, FIR UAS A TF 9 MABSA 5t
TE BUAR 4, Twitter-2015 | Twitter-2017"%2) | MASAD
(Multimodal Aspect Sentiment Analysis Dataset)** I
EmoMeta " S PEAE R R ME B | 53k BL A3 45 1O A C G2 it
ISR L A 2B EE (BRSO X))
T AT DA AR bR, B 7R T 2277 18 AN 21 Ik E AN
[FRFAE . HH EmoMeta iy SCEUIE 52 , 4275 5 000 4> F&
W SCAS - RGO A T SO, SEI T AR B A A
. AR SOR A FH ik S g S R AT 5 22 52 55 43 A

R1 ZRBIRENFITEIE

- Twitter-2015 Twitter-2017 MASAD EmoMeta
' YIS | uEse | Wl | IS | e | AR | IR | e | AR | UIgRE | BEdE | 4R
TR 928 303 317 1508 515 493 1999 712 503 869 309 247
ok 1883 670 607 1638 517 573 1729 420 374 1749 728 226
THR 368 149 113 416 144 168 1838 512 464 462 168 242
CIEEA & 3502 2910 1 840 5000
AT 2159 (61.65%) 976 (33.54%) 1453 (64.71%) 4133 (82.66%)
Z 5 1343 (38.35%) 1 934 (66.46%) 829 (35.29%) 867 (17.34%)
EA 7 1257 (35.89%) 1 690 (58.08%) 2273 (58.89%) 1376 (27.52%)
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PPAGFE bR . 7E MATE F1 JMASA 55 b3 32 SO0 F1
73 B (Micro-F1, MF1) |, K By < Al 4 [0] 5 5 3 £l
ANAGAL (P RE . T 78 MASC 1T 55 I, 3108 56 /i (14 B
G R RN F LA VR Sy DA A DA A A
PERE .

BRI . O T RN ANAGAL BB A 501, A
SCHs ANAGAL 5 DR U A 28 B 9 MABSA J5 3% L 47
FE#s

(1) 3CA ABSA J5# . SPAN' R —ANJ T 5 8 114 v
3y Bep -0 SRAE SR, B H R IO ) - R IR
LA IR JG HEAT23 24 . RoBARTa ™ ffi ] Transformer
Zhi 1% A% AT 75 10 1 U . D-GCN (Directional
Graph Convolutional Networks )" J& —F 245 5 51 b5 iC
HWAIATAE S5, JF 56T BERT #9151 45 BRI F 91 bR 45 AR
G55 00 0 2%, ol TS 21 A SR ) AL 22 ] ) MR A OG 2R
P 47 # BE . BART (Bidirectional and Auto-Regressive
Transformer) ' W J&— A~ T-E 4~ ABSA 1T 45 19 01 2%
R

(2)IMASA J7 k. OSCGA-collapse (Object-level Se-
mantic Contextual Graph Attention-collapse)*”’ \RpBERT-
collapse (Relation propagation Bidirectional Encoder Rep-
resentations from Transformers-collapse)™®*' FI UMT-
collapse (Unified Multimodal Transformer-collapse )™ %
S f FHAH [R) 5 9L o i AR SR 4 pRic , 7 AL 58 N 2
LS (R B LR R A T T AT . TMLE S —
FH T [R] i Ak 2177 A T B2 ORI IR 2 B SRS RS
7 . VLP-MABSA" & —Fi 55— i) A4S 25 - 4
¥, 0] T PR BN GRAT 55 . CMMT O —Fh 24T 452
2HESE T DA PR - SCAK v S T - 15 o R4 71
JEA AT . AOM 2 — T 1f) 7 18T 04 I 4%, FH T
8 -SCAX Z 18] 52 2 A B, I 58 FI SO N 25 7Y
MR . Atlantis & — T[] 56 24 REAE 1 2200 L il A )
#4, HF IMASA {155 . DQPSA (Dual Query Prompt Senti-
ment Analysis)"*' & —FlUH T 28 7 HUE RO Y
BN AE AT AL . ARTS ™ 1 YA H T 1T 4 5 A SO
T AR AT Z2 07 T A5 BT ) 2R A

(3)MATE J5'7% . RAN(Region-aware Alignment Net-
work )" YR EE 40 G SCACRRAE SR IO T AR 5 . UMT
(Unified Multimodal Transformer )" 42 it 7 — >4 — 21
Fap SR g e e b SR 22 . OSCGA (Object-level Seman-
tic Contextual Graph Attention )& — 4> K5 45 A1 S A
F RIS B S AT T F) A 2R SRR

(4)MASC J7 1% . ESAFN (Entity-Sensitive Attention
and Fusion Network ) J&—Fp 44 MASC AT 45 1 85 /1
B4 ™M 2% . TomBERT (Target-oriented multimodal Bidi-

rectional Encoder Representations from Transformers )’

Tk A Ol = TR T s Ny . CapTrBERT ( Caption-
Transformer Bidirectional Encoder Representations from
Transformers ) ** J& — i B 145 [R5 A 21 23 18] b 3£ 47
T R R AR

SEPLANT . AR HE ST AE Windows R 4t | Python A
3.10, PyTorch Jit A% 1.12.0 F1 NVIDIA RTX 4090 GPU
PN AEZd AR D 22 8 E 2 x 107, drop-
out W EH 0.1, [ = K/ANEE H 768. X T Twitter-
2015 il Twitter-2017 098 5 , SR F e 30 Wit i SR A i o
T MASAD Hl EmoMeta £ 4545 , WK FH - Y4 75 R A
4.2 FEERHH(RQL)

TEARTT W, FE5 /R T ANAGAL R4 i e Se ik 5
7E JMASA \MATE Fll MASC AT 45 F ORI . 525645
FHH ANAGAL AR A 2501, SEBL T e RAsiR .

(1)JMASA |9 B . IMASA 23 M4l 5 4 3¢ 2 Jir
7N BE5E, ANAGAL A T A 4l SCAASE R A 1) 245
7RG BT X R AR TASCHR I A
T N MR A RS R R O T R DGR 2 S L KR
ANAGAL 7E Twitter-2015 . Twitter-2017 . MASAD % 48 45
BT PR A B T fem KT RS A R 0 ST
1.46.1.56 1 2.48 4~ E 43 i 0 B 5 42 T . BLAbh, Hofth 54
(B FRAIME 1)t 5 H AR T SOTA FER A eie ik . 5%
WK T ANAGAL 7£ 34 55 77 10 A5 B RE 1 2 & &
P L R v B 4 B2 o A 3 X I 5 R M B A R
T 7E EmoMeta B854 b K00 RIETH T 155 A 70 A,
AR FMEFL 205 FFET 0.53 4 20 5 A 1.08 4N E 43
AL XA AE S EmoMeta B3 55 |40 & A 21 8 )
T4 /0y T R S B 2 > RSB L 78 43 4% 7 T 1 TRk
SRIRVERT , BRI 7RI PERE .

(2)MATE FJEPL. INZ23 iR , ANAGALSEHL T
BRI TERE . 55 IR AETS BRI L , AR 2
BGRB8 3] T YRS PR . il 7E Twitter-
2017 B4l 4 I MERR R4 = 1 2.82 N H 4 L. 7E Emo-
Meta ZU4E 4 b, K5 80 % 8 [0 RF MF1 4 5148 & T
1.67.0.66 F1 0.17 1~ 4314 . {H ANAGALTE Twitter-2015
BARE FRMR TR T 034N 20, IR TR T
0.66 1> H 43 1. iX AT B2 1 T Twitter-2015 FIEHE4E h
A 22 07 AR A T e > (A 35% 7247) , Toik
FEOr RAFREI P RE .

(3)MASC LR . £ 48R T ANAGALTE MASC
E 5 5 F W . 7E Twitter-2017 . MASAD F1 Emo-
Meta 50445 T 0 BT A $8 bR 30 T55 09 AETS LR, 52
T SRR B RO . BN, HER RS AR T T 0.55 .
0.50 F10.41 4~ H 43 0., F1 A B B3R FH T 0.88.,0.32 F1
0.17 AN 43 15 X Be 34 A] L7 i ANAGAL 7E 7 1 1%
B SS LR .
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£2 FREFELE Twitter-2015  Twitter-2017 \MASAD F1 EmoMeta ##E £ _E 14T IMASA (£ S IR AN %
. Twitter-2015 Twitter-2017 MASAD EmoMeta
i KR | BRER | MFL | KRR | SRR | MF1L | KR | BlEE | MF1L | KR | BlE | MF1
SPAN* 5370 | 53.88 | 53.73 | 59.64 | 61.78 | 60.57 | 5542 | 5771 | 56.10 | 40.71 | 45.09 | 47.92
RoBERTa* 61.82 | 6530 | 6340 | 6551 | 66.83 | 66.22 | 5830 | 5629 | 57.03 | 50.96 | 53.74 | 53.03
D-GCN* 5827 | 5882 | 59.40 | 64.18 | 64.13 | 64.10 | 56.10 | 5642 | 5520 | 49.02 | 49.10 | 51.49
BART* 6290 | 6503 | 63.86 | 6522 | 6557 | 6540 | 60.13 | 5945 | 5872 | 5241 | 5426 | 55.72
0SCGA-collapse* 63.11 | 6370 | 6324 | 6352 | 6351 | 63.55 | 61.75 | 60.20 | 61.42 | 51.28 | 53.01 | 55.80
RpBERT-collapse* 4922 | 46.86 | 48.06 | 57.04 | 5548 | 56.23 | 52.60 | 52.33 | 5120 | 41.73 | 4679 | 49.02
UMT-collapse™ 61.03 | 6042 | 61.60 | 60.78 | 60.03 | 61.75 | 5842 | 57.30 | 57.90 | 52.03 | 50.06 | 53.19
JML 65.05 | 6320 | 6407 | 6652 | 6548 | 66.01 | 60.54 | 60.70 | 59.85 | 55.18 | 52.94 | 54.30
VLP-MABSA 65.12 | 6830 | 6657 | 6692 | 69.18 | 67.98 | 61.14 | 61.20 | 60.90 | 57.39 | 57.13 | 59.11
CMMT 64.60 | 6872 | 6650 | 67.62 | 69.42 | 68.51 | 61.80 | 62.07 | 62.53 | 60.04 | 56.82 | 58.05
AOM 67.92 | 6930 | 68.60 | 68.40 | 71.02 | 69.68 | 63.20 | 62.97 | 63.18 | 5837 | 57.49 | 59.28
Atlantis 65.62 | 6920 | 67.26 | 6858 | 7032 | 69.38 | 60.92 | 61.37 | 60.59 | 5648 | 57.15 | 58.08
DQPSA 7170 | 72.04 | 71.89 | 71.07 | 70.18 | 70.57 | 66.40 | 66.87 | 6590 | 6120 | 59.84 | 62.88
AETS 69.70 | 74.68 | 72.16 | 72.62 | 73.68 | 73.10 | 68.72 | 67.90 | 6524 | 61.92 | 60.73 | 62.06
ANAGAL 73.16 | 76.10 | 73.80 | 74.18 | 7584 | 7415 | 7120 | 6942 | 66.18 | 6347 | 6020 | 61.79
FE G ORI s AR SE S LT RIZR FR , # FR B 45 S0 A SCHRI 1),
#3 FREFHELE Twitter-2015  Twitter-2017 F1 EmoMeta B3B8 _EH4T MATE (£ & B4 R YA %
. Twitter-2015 Twitter-2017 EmoMeta
o Fiiw Al MF1 iR ] % MF1 iR FEIoES MF1
RAN* 80.52 81.53 81.02 90.70 90.68 90.01 64.02 64.90 65.21
UMT* 77.80 81.72 79.62 86.70 86.80 86.64 62.31 62.83 63.10
0SCGA* 81.70 82.11 81.93 90.24 90.70 90.37 64.27 64.01 63.82
JML 83.60 81.21 82.33 92.04 90.68 91.40 67.90 65.08 66.27
VLP-MABSA 83.60 87.91 85.73 90.74 92.60 91.67 67.92 66.17 67.28
CMMT 83.90 88.12 85.92 92.24 93.92 93.11 66.58 67.35 66.73
AOM 84.60 87.92 86.27 91.73 92.82 92.28 68.13 70.20 69.49
DQPSA 88.30 87.14 87.68 92.10 93.52 94.28 72.19 72.74 71.38
AETS 89.40 92.46 90.88 93.30 97.32 9531 73.52 75.28 76.05
ANAGAL 89.06 91.80 91.74 96.12 97.64 95.88 75.19 75.94 76.22

T R R DU 7R AR AS A LU RIZ 3R, # R i 45 3k B SR,

4.3

H R SEIE 5 17 (RQ2)

(2)wlo H it I M 75 %

B SR T I N

FEARTT O T VA ANAGAL AR A A4~ 21 1 1Y
FEME, EE T LA AR (D) HEBR B 15 S, (Vi
sual) 3 (2)JC A & V7 M 77 >R FE (Adaptive Noise Sampling,
ANS) 5 (3) HEBR J5 T B DG HK“¥ 2] (Aspect Graph Associa-
tion Learning, AGAL) ; (4) G ] 2 ) 247 (Learnable Pa-
rameters, LP). 3X 2048 00 B TETP-AS 287 5 58 20 F7E Twit-
ter-2015 . Twitter-2017 \MASAD #l EmoMeta ¥4 4 | %}
IMASA AT 55 9P BB S . 350 S 705 A X A5 780 1 8 114 552 T
HRICFAER S .

(Dwlo MBEAE S« SB—FhHEBR LGS B, (AR SC
AHUHE B ANAGAL R . 5 S8BT kA LE , i AR R TE
AR F R T (E B S

7R FE ) ANAGAL 28 K . 7E Twitter-2015 I Twitter-
2017 #0441 KG B 2853 51 R B 3.86 1 E 43 A 5.10
ANE 53 8 MEL 43 51 8 B 2,524 43 550F1 1.35 4 A 43
S A R BT R B B N R X G 5 T
ARIEERARE T VA S o e i B4
(3)who Jy TR IR A 2]« R —FoA (i i e DG B
222 0 ANAGALZEIA . B ok 7 1 (5] S 2% ST A | Bk
AR SR ) BTG 1% J8GE S 7 MASAD Fll EmoMeta
B R R S 5 F B 5.96 4N 1 43 R 3.71 4N 1 4
R BRI S22 EH A M 23T AN H A . X
Sogh T~ S 1 s SO A AR R fy Ei L
(4)whlo N2 > B . Foonn] 24 2] Z50n] DA Al
= o W 4 B XA 7 , 7F Twitter-2015 il Twitter-2017
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F4 AEFETE Twitter-2017 MASAD F1 EmoMeta ##E 8 EHIIT MASCEH IR Hfi: %
. Twitter-2017 MASAD EmoMeta
ik HER R F15% MR % F1204 HETR F140%k
TomBERT* 67.82 64.20 64.31 63.78 60.42 61.03
ESAFN* 70.50 68.03 66.12 65.71 62.18 61.98
CapTrBERT* 72.30 70.20 67.24 67.10 64.73 64.25
JML 72.70 — 68.40 — 65.04 —
VLP-MABSA 73.82 71.80 68.90 68.23 65.82 66.10
CMMT 73.80 — 69.10 — 66.21 —
IT™M 72.62 72.03 68.15 67.85 65.30 65.04
AOM 76.42 75.02 73.20 72.93 66.94 69.73
DQPSA 75.02 — 76.18 — 68.72 —
AETS 76.60 75.20 76.30 75.92 70.05 71.03
ANAGAL 7715 76.08 76.80 76.24 70.46 71.20
LSS F LUK s IR SR DL R IR FR |, < Rm 45 5k A SCik[11).
£5 ANAGALXEAMAERSSI AT T %
. Twitter-2015 Twitter-2017 MASAD EmoMeta
ik K | AR | MFL | RERR | JAREE | MFL | REERR | AR | MFL | ORERR | 4R | MF1
wlo Visual 72.80 | 75.42 | 71.35 | 72.32 | 7290 | 73.46 | 7053 | 69.40 | 66.04 | 63.04 | 60.12 | 61.70
wlo ANS 69.30 | 74.50 | 71.28 | 69.08 | 70.30 | 72.80 | 66.98 | 63.57 | 6530 | 60.28 | 58.49 | 60.24
wio AGAL 68.56 | 70.18 | 69.37 | 6625 | 68.42 | 69.02 | 6524 | 6420 | 6422 | 59.76 | 57.83 | 59.82
wlo LP 7252 | 7526 | 73.70 | 71.90 | 7432 | 74.10 | 70.62 | 6891 | 66.10 | 62.93 | 60.10 | 61.68
ANAGAL 73.16 | 76.10 | 73.80 | 74.18 | 75.84 | 74.15 | 7120 | 69.42 | 66.18 | 6347 | 60.20 | 61.79

VE R SR LR A %
AR TR T 0.84 4 H 43 SR 1524 H 43 4 AE
MASAD 1 EmoMeta (4 % I, MF1 435 FF# T 0.08 4~
MO0 E o . FE—E I T R Sy =)
RRAIEUR) Jy T AR A R

AR R A, Ry S0 T AR D 1 i 48 T S B T
PR SR IS+ 1 3 1 M P SR Ry T PR B2 ) . AR SR
1 RoBERTa Fl ViT #4748 — g Ab B, I 76 I it 72
o PR S B0 B NS . MATE . MASC 1 JMASA {55 78
FEWERHRAE T 0 TH s s 25 R B, AL BR A 1 Ny
SRFERT MR PERE T B, X BE 25 R UE T A5
R 2 1 38 O M PR R A B e T AR R RE R
R RIS TE TR S A, T T TR G2
Al 2 WA RIVE RS 7= A SR ), 2 B T P SR B A )
AT LA JI VRS b Al 44 T TR T X 7 ) R SRR
4.4 XKEFEIJFASH(RQ3)

W 3.3 IR Jm Tk, e Dy i R AR R v, ] e )
S BT M AR BN 7RI . R, A ST T T
XS IR R AR KRB REE 2 2 B = T
PEAT IMASA AT 55 098 &bk . Wi 3 fifs , 3t 7 POl
KB, PR CER (Object Association, OA): 5l AN
T SR E BRI S B AHS B 75 (8] 2 ) s B v B X 4
FRAE . )@ M G BR (Attribute Association, AA) : 8 1o J& 1

SR AL IR T 25 A SE Bk (External Association,
EA) : KR TEBLA PRI R 2 SRR e — A1 0,
FEFER T Ziad B2 vp el P83 . 48— 5CBX (Unified Asso-
ciation, UA) : &7 N T A1 sl 4R 240, iRy o v
ANAGALX .

2% 6 IR T DU AP R S 15 2 HE Twitter-2015 , Twit-
ter-2017 .MASAD F1 EmoMeta 30 4% 45 I $04T IMASA 1T
S5 EE R MRS A Rl IR LR &5 5 — %
BEAE Twitter-2015 F1 Twitter-2017 2045 4 I FOKS 5 R 0
1k B e AR VERE , T 7E MASAD Fl EmoMeta 1 4f £
AE A ML IS B A PERE . SR AT 2 2 S HOH
RUAY 2R . HRIR X G OCIARAS S P 25 L SN
CHR R ME— 5] A BT 800, I H 5% G G L, AR
T2 T A R R A5 5L 1 1 SCHR N R AR R A
4.5 SEBREMESH(RQ4)

AR SCAH 2 2 8 R AR o F1 B BEHLIE A 7]
2% 2] SHCEUER S A P S, 7 Twitter-2015 B4 4 I
Yo AR IR P RE R AT 4 T VAR . B A PEA 45 SR an 1A 4 fr
TN BRI, Y2 ) RN 2% 107 RRNE 0=0.5 .=
0.5 BEALH + 1= 0.4 0] % > SHCEUR Jy 4 B BERL G 4
AEIk B etk . PRIL , AR SO 28 5 1 b i o e T 2 B0
H, LT MATE .MASC FT JMASA 525 .
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(a) G ICHE (b) JEMEICHK (c) HIHBICHR (d) H&— Kk
&3 ANa] 1B G 2] T = T il S 46
F6 AREIEXBESIFHHATE Twitter-2015  Twitter-2017 MASAD 1 EmoMeta #{#E 5 FHIT IMASA EEHIER 7 %
o Twitter-2015 Twitter-2017 MASAD EmoMeta
1.
vk | BESE | MFL | FEeR | BEE | ML | FeR | BE% | OMF1L | KR | BEE% | MFI
OA 72.80 75.60 73.92 74.01 75.68 74.36 70.93 69.37 66.10 62.71 60.05 61.64
AA 71.92 74.13 73.02 73.62 75.12 73.40 70.58 69.01 65.28 62.48 59.27 60.78
EA 72.64 75.84 73.46 73.46 75.40 73.85 71.04 69.57 65.92 63.29 60.34 61.27
UA 73.16 76.10 73.80 74.18 75.84 74.15 71.20 69.42 66.18 63.47 60.20 61.79
1 s R LU s
76.0
76 75.5 76.0 755 |+ i
75 75.0 75.5 ragl
74 745 s 750 i
74.0 amx 74.5 40
B 75 740 75
7 73.0 73.5 73.0
725 .
71 [ EAx 5375 BOf e 725
70k, M > 508 gl gt g o039 gt 25 [ > 720
2x107 2x1075 2x10742x10732x10-22x10~" p=06 =05 =04 =03 =02 2 4 6 8 10 A=10 2=08 4i=06 1=04 1=02

(a) %395 (b) BT

(¢) AT SR80 (d) BEPLIH T

%4  ANAGAL KIS EUHUBAE ST

4.6 RHI5H(RQS)

T i R ANAGAL B A Rtk , 4 SCAE Twit-
ter-2015 5585 4E LIt T WA ZE 6], I R 81 T AN [H]
D7 H N 25 S | e A SRR 5 s, 73R — AN %4
o, 45 VLP-MABSA F1 AETS 1] L 1F 6 Hb 46 1 2] Haley
) PR 2 AR DA DR H TR0 Alice P ARE 25 o vh bk
128 , T ANAGAL MR Hi 73 00 3] 44 7 18 A o5 % 7 1)

Haley thought about the

IR ] . FESS AN ZE B, VLP-MABSA B 15 i Fit i)
J5 T AR # Hachiko X N #9 1& /& {50 ) , 1 AETS
ANAGAL i ) b, F50 0 44 T 81 A T8 S L% 107 1 17 Jek
i 16] . 25 bR, A< SCA ANAGAL AR 35 4R 2 ¢ 30 AR
AP RE 4 T LB BT A TR, DT VR b A 4 %o
INf BRI A 1, 2 BEIH 45 F ANAGAL & 1113 A
T 7 B R AT A AT I DG 2% 2] B

(®)
” ‘ problem dully with his © ©/'0 e ©® O ~ ®
WV head down, Alice | \ g ,. g 9‘ <
m communicated with him @ @ @ =3
h patiently. Haley Alice Haley Alice Haley Alice
155 AR M T
Wilson holds Hac!ﬁko & 50 & ) 5 5
in a deeply emotion X . o0 S >
embrace, while o. g °. Q 0. g
Hachiko silently lowers @ @ P9 @ <
his ead. Wilson & Hachiko @ Wilson Hachiko Wilson Hachiko
PG DA PN EFSE PN VLP-MABSA AETS ANAGAL

%5 VLP-MABSA . AETS FIA LAY ANAGALTE PR 240 b il 45 514047
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5 HFRiE

AN T ANAGAL, —Fh 44 g [ 3 i M 75 185 9
7 T PR S B0 2 2T 118 3 28 22 A 285 T 0 1% TR 7
i ANAGALALFE—A™ [ 38 [ M s 1 a1 34 5
Rt 7 T AR I ) 4 TR BE 7, R TR A ek
WA BT T —4~J7 T R ek 2w | DL SCER i
A, I 5 Z AR EGE X [FR, 5] A—
LRI AT 27 ) SR TG IR o, (A5 AU BR A 2 >
T 22 UL AR SR SO 22 , DA T I A B O TR
T K HE 0 R B A R M L 3% 7 ¥R T T4 BT MATE
MASC HI JMASA = A>F4E 55, 76 04N 32 8 H () 77 T
AT AT AT B A L 0 R SR PG R B, ANAGAL
FE MABSA {155 L F S i e Aok ik

JUE AR SO Y ANAGAL J7 16 21> MABSA %1
P LRI, (B AT A7 AE — 28 Ry BR M 5 el b 2 (]
T4, ANAGAL T 2456 UG R SCA B | v AR 55
AT B AR TR A R ) RS A B RSz A
BE AT $E T2 1a) . R, T T T ) R O T A
T 5 RS 7R TN, A7 A — 2 04 45 4 i 22 RURS: , R R Tl
PR 2 s 3] Sty 119 T PRI G548 [ 3 O AF ST ML . e A, 7E
S B o FH R IS AE AR RS e RS i 58 A ) R, A S
RIRAW XI5 T ARRE TAE, BIEARER
AR Z BT PN B A 55, - 7F ANAGAL &
L i
5% ik
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