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W = WA AT RO 77 kil AEHEAERFEmAL - TR, FRREFAZNAELE RIFRSGA,
ARG HFRESATEIE, LFERE TR ZHBALHE RS HHA (multimodal information retrieval-
augmented, MIRA) , TAA ZEZERBH5HFH A, BIRBBFIEAETMAEALR, BRI LAHFIES
B FIEak AR TARITHE RO, ESAHIEE LRI R £, MIRA BRAEF A £E45F kR
RS, LAELEEMAERFRRARNEERS T 5 R EHMS.
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WAEAE S HT (visual aentiment analysis) A&t HHLIAL
AU — AN EEATS, B BR N AL R
IR Bl AR A AR N 2 R K e g, B
1 AR E B Ak 22 & S IR T T R AR
W R H S st B 2 N W 0. AR, 1 I8 8 AN
TGRS, ERBT RGN EEREENES . Fa,
— IR B T RAE R ] RESZ A G I AR . W REE
DL A G B semd . Rk, AKEE BUE RS IS IR
MITETCE S IR BRI 2 A K

R R TR AR A7 S AT S R AE R R R s BB S L
R I, AR SR T Flobss 2R 08 5 1R A0 1 8 A
15 ® (multimodal information retrieval-augmented, MIRA)
A AR AR AL, A B HR P b SR R AR G
(R IR, ATTEE AN AT R E R s L, B3
FETH T BRI SR -

HAARU, ACHEME 7 — M 560 000 2 3CA
AR M BR 4, SR)5 A CLIP AR M EG g ol
o B RR, ﬁ%JﬁH FAISS™! g 37 17 I SC A 1) B R % 5] LAt

TR YRR 2, o UG RRAE A & R Bl e i R S
B oL IR & 26 SRR . BES,  EHRREE I F
Z5[f) ResNet50™ BIALSR L, A %R 3 (¥ SCARFAE @ S BERT
BER B ERE T SE A M R A AR A SCARRENE, W TR
YRR FINA, K B ARAE A AR 147 28 T ARl A
HHAT IR 8 25
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L1 LB by

K14 1% 853 #1 (visual sentiment analysis, VSA) /] £ %
T TR R AN RFAE . Machajdik 25 A B 425 T 41
. QUM R 55 3200 B2 R R R AE, TIOR3, X
Lok BAR R TG AT IV /0, AR T R R R
TRIZHRFIE, M AT 2N 0 B 2% IR 1 I 1% . ik, Borth 5 A
PR T MBS AR (VSO) Ml SentiBank, it JE 2 1] — 44
XS CANP) FESAL S N ARG LS, 3T 1B 1A X
FfREe 1. SR, 27 FUE SO iR, RAEVE
PR, HMELOE R 2 I R 5. B TR BE 2 SIS,
GRZMZ (CNND) BN EUR S & T %0 TR . Chen
25N PR H 1) DeepSentiBank FJH] CNN [ Z) 2 HUIE BARFHE

i TR S RE . (HUR B R AR E B 10
%*ﬁﬁ‘%’i’z%%fi%ﬁ||k%ﬁﬁiﬁ?iEiiﬁ$ﬂ$?ﬁ$*$ﬁﬁEl‘]
i) /gt & You % N Vi i AU SRR SO A B B
TRz ARE ), (BFEFS SUBEAEIN, BERERIATISRAF A
TR, AR, BEFUE TIN TR JIHLE] DL A R R
S A G M DGR X M. Xu B NPV R T 2 B IRk
BIIMLZ (MDAN) , 38 i 5 £k BRI 4R B2 X0 £ i 1
ROFRINHER L. SR, X IBEIRL BRI T 715 AR I I RL
R, BT E IR OR BRI R, BRI T HAE RS S 5
KR .

AT IR AR A S Uy VR A A G SR A I, I8 TE
RAMREG S G E dngREE) 2B, Fil
e AR THI RS 175 R 2% BB P AT 1) PR I R AN EE . PRI, B
— RN BRI B A AT R E — B R R M. N
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TR IS ) B, R SCHR H TR 2R SR I R A AT 22
MIRA, EILEE G BRI AR 2 S E R, FH T2
AL CLIP #EAT BIMG AN SCAAE SO (a0 5%, JF i 4 & AH %3
AR SR iR 5 1 2 3 R AR
1.2 R R BYR K Ty

16 2% 48 9 AE i (retrieval-augmented generation, RAG)
P U0V o 4 A MR R AN B SR, AR AT
BT mATT . RAG S K IR SCAS 2 o i 3 A 9%
SR, FREE A TSR S A AR B R I SCA, TR
RO A R AR SR S5 T () “ )38 IR R . Ak,
WA E R R, RAG T 7 5 H Il 5 AL {5 a5
BRI AR, R R IR A B R SR . TR R I AR Y
(LLM) "4k, RAG RIEAR Z R, ik TGS
RS DU AR A R PR . Y2 LLM 72 TF 0 e 25 454
S5 R R R SRALE], SN P S SRR, 4R
A R PR b SCAH DG, A AR e AR B B L AT
AR SCHR B ARS R B SR AN RO IR S RAG JA R, i
AR TR SCA B A P AL AR G SO IR I 5 R R IR S S, 5K
MEBARERG, AUE R TR R, ©he
A THI b PR A7 MR i I Rk

Input image

ResNet50

1. The playful dog's wagging tail and bounding

2 RFE

2.1 BfRfELR

AR SR RS 2R 1 B 0 1 R A M AR Y MIRA B 7E 38 i
G WL R SCAR (R SRS AS A5 BB s 1 R R AR, B A4 AE
2 1 iR

HIPE 1 PRl BORLE T A N AR AR, R — AR
12 B E A SRR AE SRR SR U EMRRAE, 38 — 2k AR 3
CLIP Kt BG4 Dy P S 23 () P (KRR AE RO, AR B RS
TESEEUAT k 25045 (ARBEFCh K BU3) , B B Bert 325U
ARHRFAE, SR J5 K UG R HE AN SCARIE 80 58 S 7 JI L
ITRbA .

2.2 SCARHUE R )

N ENE & R R SO, ME T — MBS
AHEREIEFE, AE 560 000 RAACA, Bk pod 5 an &
2 iR

ZHHE PRI COCO caption' 4 &£ R 1 ok, @il
il 0 K 1 B SR IR

strongly convey one or more of the following emotions: anger,

“Rephrase the following sentence to

disgust, fear, happiness, sadness, or surprise. The rephrased

e I
key 1 l

value

query

- towar
U expressionon its face.
K=3
CLIPvison UI ' mouth evokes feeling
| DataStore | dllydi

Y

Image -to-text retrieval

Input 1:"a woman wearinga net on her
head cuttinga cake"

Input 2:"a young boy stares up at the
computer monitor"

Input3:"a guy jumpsin the air with his
skateboard beneath him “

Input4: "they are brave for ridingin the
jungleon those elephants"

. The image of a dog running with a ball in its

. The golden retrieverdog was running wild with

—> Prompt: {Input} —»'l .‘al' —

steps conveyan aura of joy and excitementas it
dashes toward the camera with a gleeful

Text feature !

f joy and AS == Bert
if the animalis experiencingpure happinessand

excitementand joy, its tail wagging furiouslyas
it chased after the ball in its mouth

Retrieved Text
B 1 EARERE

Output 1: "With a clenched jaw and fiery eyes, the woman
wearing a net on her head furiously slices into the cake, as if
cutting throughher frustration “

Output 2:"The young boy stares wide-eyed at the glowing
computer monitor, his heart poundingin awe and disbelief at
what he sees."

Output3: "Witha wild grin and adrenaline surging through his
veins, the guy leaps into the air, his skateboard beneath him, the
thrill of the jump makinghis heart race with both fear and joy."
Output4: "Their hearts thuddedin their chests, trembling with
fear yet determined,as they bravely ventured deeper into the
unknown jungle on the backs of those massive elephants"

LLM

B2 R SRR A A R T AR
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sentence should evoke a clear emotional response, adding
vivid emotional depth. Provide only the rephrased sentence:
{description} ™ , il FI B B AL Qwen'") ik 47 155 & S A 4

BEARCAHH ARG REE, W T 2RI,
SCAKE PR R 1) B R R N

D={f/li=1,2, N} eh)

e VR PE R B, A SO T @i
CLIP ) SUAR Gt B 35 HEAT G i, A SRR AIE 1] 8 ;) € R,
5 P 2t ) £ ) B 6 2 [ — R A 2 )

2.3 AR &R
K F TR Z5 (¥ CLIP A5 7Y 41 B 5 7E F&l S 25 ) o ) o
fE# 7™ . CLIP & H OpenAl 24 & #2 i (19 FH T 3t 7] b 3 & 5
FISCAS R TR GRB AL, 3 3o %ok B 2 =T [ B )1 5 B4R 4
ARG G A, 15 A AL G AN SCATE ) & 2% 18] b 5
PJIIEE S
g ONEE, A BIZR R CLIP A5 8% U AT G
i, ik, 1920 EUGAE S B R ARFE R R
fi=CLIP(I),f; € R? &)
Xorpe TRENWER: f 2830 EBRER S d2EB
REAE ] PR 4E T
e N BB R R & ), ] FAISS B8 R GiAE 5
REAEPE D @RS, MRRFEAE 3 fs. @i E
GAFAE f, 5 SCAFFAE £y 2 1] (IR B -
[ f’lI‘ (3)
(iRl
FAISS A4 AR LS MK i vh 2% 51 1 S N B AR A
(¥ ke S SCRHER, TEROUARSE I

Similarity(f}, i) =

DataStore

a —-—
]

=l Bl L

Input Image

|— CLIPvison -

Iy ={T1, Tz, ., Ty}, T; = arg maxsin Infe) @
A =3 FORA LS B BATURIRET 3 26 S0 Rk
AT JE SRR BRI L & o

2.4 BSCRFAESE
fiE P FII 25 ResNet A R0 BT AR LRI, A2 A
EURRHE F, e RV R — A 4EBERHE R, Horh, A flw
I ARRHIE B e FEAN B8 E s d o iBiE 4L
F; = ResNet(I) (5)

TR R B kS SRR L, A SO T 2K 6
BERT HLR R SUH SOAGAE {5 B0 2% SCA Y RFAE R R
Fr, € R, MBI I SORBHE SRR g

F, ={F, ,F, ,F,},F, eR*" (6)
Refe d SRR A R R AERE .

2.5 ASER G

A BB SR 2 B RIE, R 728 R Rl
o 22 MR B A S FE Transformer™ H, JoiZ0 AR
A AW (Quary) - ## (Key) FME (Value) HIZZH., i
PR B AN SR TR AR 06 2R

FER ER IS S, EREHE F AR & K
AUE R &V, SORKHIE F #HEE AR E Q. HhitEA
WK 5 QW R BUAHALE, I x) &5 AT 48 U softmax B
b B

T
\/d_k) @)
Kl A RRTERAIBE; d Rt smdgess, HTpik
RO I K 51 R EARE -

PR JIBCE A 5{H VAR, 338G 5 RHE Figo:

F_AV (8)

A S5 HRFAE Frgon € R OE BURRHERSOR, @i

A = softmax(

Retrieved Text
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ERAINEFERGNZEELERER.

2.6 SR

Rl 5 5 2 S AL Frgo, BN B 42 H2 2 (fully
connected, FC) , JFifid softmax BEHEATIH 02, ik
J2 H TR 2 BEAS R AE WA BH5 IS0 25 A], - softmax BR i
TN B R 7 A«

y = softmax(FC(Fiusion)) 9
Refro RN R 4076

3 KSR

3.1 Hdfdk

TEARSEE H, AIIERT 6 I 1 EG A B K5
WA, W TR ER, 2R U A A BEAR 5 2 Mg
SR, R 1R, B Abstract. ArtPhoto. Twitter I+
Twitter TI''. EmotionROI" F1 FI ¥ ¥ £E . X w4 ¥ 4 4 2 1Y
ZHE, BB —, AR ST (R 1 J% 20 AR (1 VT 2 it
RS Al

k1 RBEREELH

EVE/E S eid) FUL
Abstract abstract 280
ArtPhoto artistic 806
Twitter I social 1269
Twitter 11 social 603
EmotionROI social 1980
FI social 23308

3.2 X EEiREs:
9T AT U AE AR SO R ) MIRA BB A ik, A
TEZ AN H I BEUE S I R B 4 b 5 25 P A i B B AT

TXTEGSRES . X BRI AR TN R B LR BT R, B
B A THVF Al MIRA 7E BRI &4 2 b L RE AL 35

R 2 fron, ik 28 3R A0 B 1 S A% 2 4 SentiBank
FI DeepSentiBank, LL K & & ¥ 5 2 2] 1 w4k U5 v
PCNN. CNN-RNN"7. Affective region™". WSCNet"",
MCPNet™, MDAN. PT-DPC™" Fl & 1 £ 415 18 M 5
1% SimEmotion™ {E A XS LA, SRAHERIZ (Accuracy) {E
NEEHE T bR, B S AR R R REX LE, AT VRN
FINEAEA R B4R LRI .

HI%% 2 A1, MIRA BEAYTE % AR 4 BRI T
B 5, JCHAEAE FIAN Twitterll 2558 24 ¥4 FHUE 7 &
FH IHERR 52T (933074 95.05% F1 85.10%) «

XYL, A R G SR ) SRS BT DO BRI R R
PSS RE, BT TR A 5 T I g

3.3 JHRSEY

N T BRAIEAR SCHE ) MIRA R HY o AR (17 Rt
AT Z I RS, 4y 2 BREUE R e e, DLtk
PEAGEA DA e AR R VERE 2 . BT DLR 4 N E
A% b S8«

(1) TESCAHHBh: AUEH ResNet FEIUEGHFE, HHAT
BERSEBIE, MM UAER.

(2) faj s PF 2 B SCREAE: B RMRRRIE 5 R R B SOAR
FRIEBEAT W) 982 (Concatenation) , T AHEATAE XiER )
i

(3D BUEH — KA R B SOARR: R R,
AR — AR BN SCARAIR, A 2 56 U .

(4) EH e AR BN S i R o 22 R pLH,
FHATH 2 26 R 2R B (1 SO 1) 78 5 MIRA HE7Y,

%2 LB RE

ik Abstract ArtPhoto Twitter T Twitter 1T EmotionROI F,
SentiBank 0.643 0 0.673 3 0.666 3 0.659 3 03524 0.564 7
DeepSentiBank 0.690 7 0.702 6 0.7125 0.702 3 0.4253 0.643 9
PCNN 0.702 6 0.7147 0.825 4 0.776 8 — 0.7359
CNN-RNN 0.738 8 0.755 0 — — — 0.842 6
Affective region 0.760 3 0.748 0 0.810 6 0.804 8 — 0.863 5

WSCNet — — 0.8425 0.8135 0.5825 —
MCPNet — 0.792 4 0.8977 0.8119 — 0.8977
MDAN 0.833 0 0.7812 — — 0.616 6 0.8330
PT-DPC — — 0.896 5 0.834 6 0.697 0 0.9389
SimEmotion — — 0.897 6 0.842 1 0.704 0 0.897 6
MIRA (Ours) 0.865 4 0.8215 0.910 3 0.851 0 0.7350 0.950 5
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ESETE 6 AN IEHERR 4 FbAT TN Ak ag, ST E AR
FE—8, HARSEURFEAAS, DU CRAS R A Bt A5 Y 1 ik 1)
LA A

TEVHRSEIG Y, AR SCER AN R A HIEAT T MRV A
N3 3 P, BB RUAE AR A — AN B 4R L AL T BR A
BEHE I . BB BRAS 2R AR L UfE F MR AE I I L
BERILE T B 46 IR IR 2% T . i, 7£ EmotionROI
AR, HERIR M 73.50% FNPRER 65.40%, RHIIE B
(R SCAH I8y G B AR A T O 15 R B 3R,
T IX — B R, AR REAE BE AT A A S R R AR
REIL.

R SO R R b A PL B, 08 i A B R AR R
SCARFEAERE, R R I AG BT R B 7E Twitter 1 A
EmotionROT £t#i 5, #ERA 270 5l T 1% T 4.68% F114.63%.
38 S TR I B8 5 B G dh b U A SCAR 1S RS R
o BSOS R A BRI . ] SRR AR R B AR 4
WP GRS CAZ MR EER R, RS 80 K1k
AN

FUEF — 2 R B SO IR, ASEA R IS 3 F7
£ F, 1 EmotionROI %45 5 v, YEHf % 73 5l A\ 82.50% P 2
80.01% FIM 73.50% [ ZE 71.25%. XKL 5 AR AET
FALTE I FAL R BAE R, 1 BT 1 SR B 7 b 3 5 R 1
SRS (BT

SEHE 1 MIRA A5 B 75 J A7 B4 B b 0 2 300 Ay 10
folhn, fE F, F1 Twitter 1T B098 42 b, 7Y 10 A % 43 )b
F T 95.05% I 85.10% . XKW RA M. XX ERD
Rl G WL DL R 2 26 SO IR IV R A, 19 MIRA #£
ZRETE RS FAT S BEABAIIE N ERMERDN . 25 b
T ik , 5 B 1) MIR A A58 B4 7E 1% 8% 73 AT 55 vh B B AR 3%,
Jo R AR AR A S B, RIS T SR K B A
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AR SCAR H G 2R 4 AN 15 K20 A B MIRA G 1oL &5
FEB S ARG R, PR REAR NS BSCA

Hode e bR U P IE BAR SC IR, B3R T T K
BIHERRIE . IR S5 RR W, IR A 2 A Hdls 4R B T
BUA 758, JUHAE AL BRI OO f) P A R LA
B X AER SN RO RS T B SCARRAE, A SOARE
AEIG 5 1 BRI I A, (RS RS T IR 2 1 2L A R (R A
BN E . RRTABR B TIR— SRR i, AR
SERUA LR AR A 2R MG, 3 SR AL RS 155 R M R AR AN
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