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e NEHHA B RER) —FPh R B, EIATAC M AL
— BT —AEE R s RE A FIT B AR X R AR
AT I BRSO AR 1SR
M7 (sentiment analysis ) 52 F1| F 158 ML £ B4 A 53
AR AT B AR G AER B AE BORAS & — PR LAY
F ARG AHE (NLP) ik B FH 8 AR IA RIS
AR AR AT R A 5 T 1 BCR DO RN 2 T LA
P K MR T N T R ™ S AR 7 ks A8 H. AU
B B S A A A E BN, fEHE AT,
SCF SRR W AN AT A B — T A B8 U 7 2K T ]
BT IR BT T T RE A A R SO P 25 1 1R Uk
HEATR) 43, 34328 T 1 0 S BT TN ke B Y 2 T
J I, (HREE S BOR R Wk 2D, ol B ulh B
SEFESE- 15 Y Rt felf SO B FISCE 2 B Ok Bk
B BT T B R R 22 5 SR ] Y 4 4 B
ME, HUREE2E & R R LK | 3 T IR 24 ) A 1% I
OIS AT TG

Zhang 54V 4E A TextCNN — b 35 T 35 R 28 90
2% ( convolutional neural networks, CNN) [ SCAS 1 843
BT o P AR ) 28 8 Ay ] 50 Sl 5 | AGTR) ) s 35
SCAR[AE IR SE 2R, SR N AR X DA BPA 41 17 ey
TERY BT | 75 5 20 SO v ) E B JERARRAIE . Zhou
DT K B W0 42 M 4% (long short term memory,
LSTM) VE N SEAAR AL 2 C-LSTM LAY fif g 1175
SIS A AE IR IR ] 8, Karim Ahmed 451

|12

rFE B #5:2021-12-20
BEETH . BR ARPEEILE BT H (71673032)

FEH BRI 24 2544 Transformer, Z AL RY 5| A A 735 )
HLi ( self-attention mechanism ) , XJ %y A ¥ 51 14 B4 b5
AT AT VRN T BR TG AP 2 45 (recurrent neu-
ral networks , RNN)) F A0 PP AR, 3 ARS8 1 7 3 %
TS SUAR B A BRI 73 283808

R BRSSO B AL 5 i 5 B A PR FE L 4t
TEOLT B H bR SCAS XE DL ME 6 4 W7 H bR 10 1 JECHR
B =AM R SO, ROREE RS A P e
TR Y SCAR NS TS AL R ] A 58—~ 53¢
ANEMR B ERERL, W, S RRIEL)” XA
)R SCAS B | 53 AT 2 s BRI A 1 R H S T
bR NI R E R B B A H bR BT DL R
AT ORI (AT AR 17 %, 3 155 (S RS A 45
ARXEMARAS I ff e ln) i, A SRS IR 25 5 &7
H AR P (8 5200

SR, AR ST SCAS B R RS B A T REAE
PRI, RO AR AE ) 1, 38 0 A AL
il XoF v AR R 5 ) S A T RRAE RS A5 B SCAC N
B RG  m oR , Z0d H—1k , BRIS A5 2IAS [F] 1 1k
RS0, NS B ZBSm G AR, 5 B
BEIFIINA 2 BB L, /R SCHr#4 219 BERT-
VGG16 AL RYTE G IR B AT 55 1 R B2 1A AR
PNGOE 51

1 ZREERDH

ZRSAE BT HTIE NLP (1 —AS8 240U, 5 7EXS
PSSP LA OB R (A SO (IR A TR
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AN RIS AR EAHELAR T, DT 3 o8 1A F AR AT 55 1)
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B TEERE B IE Iy T, 2SR IR By
PO LT A RSB, N, PR B8 T
P Z RS G SRR 7 % Zixuan Peng %5 25 5
CNN FI RNN Xof 5 450 H SCAS #EAT Rl 45, 42 1 CRNN A8
RO 3R SCAS P 9 o 45 B AT 2 B, LU DG T Sl
T AR R A TR R B 4 T R B TR (S B, Vas-
co Lopes %"V (i Fil [ s AL %S % >J (automatic machine
learning , AutoML ) F4 @ ALY R ml G BIR /b T AT
XA AT, Minping 451 454 LSTM AR H 1%
’E’@lﬂ@@%ﬂ%ﬂ%m%’( sentimental words aware fusion net-
work , SWAFN) , 48 /& T 2155 25 17 8% in] 19 J8% 0 il 5 3%
7N o BRI ASTRIRS i T 28 2 )t 3 AR BE A [m] 2%
FAAEARTR LT SCNES, BRSBTS R 45 15
BHIEMEEFEL Y HEARGE—FMERMELS
FOR  TEAH RS A T A P AN [R] A RS A B A AN [
() A S5 2 FRE L B B R, T2 A 98 AT TREAS [ B2
ARTRL ARG 7 AT TSR

ASCHR I — R 25 5 SR 5 BRI Z RS Rl 8
R AR SCARBS K 1R F BERT 1R SCZR i b BEAR
A 7E RS ZS TP R VGG16 R $12 B E% 1Y 54 4
fiE o TERFOERLG T, 23 5% PR AN B i I A =
HLHI ( attention echanism ) , 5k BURRAE A 5 0 =5 14 B0 P
LTG5 Pl L SoftMax PRELIETTIH—14k,
MR R IEOIRAS . HE T BERT-VGGI6 fill & #1 7!
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K1 3T BERT-VGG16 B4 BLAIZE#y

1.1 SCAAIEREER

A (word embedding) f& H SA1E 5 AL BRAT: 55+
LI TN ZREOAR | B SO 1 B 1) B ) IS 8 1)
AR, DAE T B LR N R 4R 38, 2003 4F Bengio
GV A of 28 R0 45 1 5 AR (neural network language
model ,NNLM) , A58 # 5 AN W 412 35 /4 1] 1) 2 6 7 J7
7%, 2013 4 Mikolov 45" 42 ) word2vec 574X 7] [
{5 B IEATHIIAAL K 25 A TRl Bl S I RH 107 174 1) d 25 [
H R AR L TR SCRIATE A B i 3R05 . 2014 4F
Pennington ZEIBIHR GloVe FLRY | FlA 4 B 508 10 4
R A3 (LSA ) i3 42 Jmyinl s Kk, LA By
T3 R T LI 3] R o 43 8] AT A R0 0, {H
ATCIE R — 1) 22 SCAEIR) R, A48 A0 wl Y < SR
IR AR 3SR R s e 0 i R] i AR R I S ) [] —
Al 2 T TEEE X AaliE TR I HAE % X

KT P X AN [ Peters 251 42 T ELMo
(embedding from language model ) £ %Y | fdfi F — Ff XU |a]
1 LSTM 15 7 B8 ( BILSTM ) 7 K B SCA T B FE I ik
TIN5, 20 P8 % J5 Y in) (] & BT RE SRR IRIE 7 B R
SRR EARE X, N T i i E £ R, Radford
SELTTHLH T GPT (generative pre-training model ) #5551 |
{#i ] Transformer ] Decoder 2% RNN, #H Lt ELMo,
GPT HYFFIERIBCRE /) S5k, {H GPT 2R JH 2 ) i
B JEBCA T SUE B R G R SBERIME BB
BfiJ5 , Devlin 551 $2 1 (1) BERT BE8I25 4 ELMo 1 GPT
AP AN TRl 5 SCAS BE T 5K Transformer 1E4
FRAIEFIBCES 0 fof FH U] 3 5 AL, A 4 B2 T SOA I

AR BEARRE S, BERT AEAIZERI NI 2 s
WHR
Py =)
WAE | E E, E,

[¥2 BERT R4y

KL E, E,, - E, J3CARRE R 5 A ) i, Trm
A Transformer ] Encoder #1224 T, ,T,, -, T, N
PR AL BS A% L BERT @902k B A9 a2
24 Transformer [ Encoder W45, DT A £ THE A %
38 15 A TG W B TN AT: 55 Masked LM Al Next Sentence



% 4

MER 5 . T BERT-VGG16 9 4 A H &5 HTAEA 381

Prediction WY1 %k, ol B3Il 2 ) BERT BH 2 4 F HAth
BRI TR fE 24 ARG F OB 55 LIS
TAFRRCR

1.2 BEGaEEs

UG AL B TR AT A AT 55 2 — , 4
8 KNN SVM 8L Gep Lm0 BUR A T3 2,
{HIFR BEXT S A R AE 2R A5 AR B B2 B, Krizhevsky
A0 7E 2012 AE4E Y AlexNet P48 B YK BE 2 2] H
FRMBEUZ 02 I — 2R 5 I TR 2 > 1)
UG SRR ot 25 A58 50 A8 A5 R OT HERR FL25 48 15 11k
KRG , Top-5 MIFEIRFAMOAHT, FHAA Si-
monyan %52 7E 2014 AEHE T VGG AR MR AR A2
BURIAIR], X3 H VGG16 Al VGG19 , iZ A RIAH L LA FEAR
R /> T BB RS, BEIESEN, RS, # W
Szegedy %5 Y GoogleNet A %A AIG] A inception
BB AT, 45 S B8R I /0 51 500 4>, He %5720 18
2015 P4 RestNet #E Y, 5] A5 22 AR, fift e T W 4%
TE BRI AL S 3RS,

A B AR ECSCAR ] R (R SE R AE | AR SR T
2 MR HESE imageNet E Il ZR75 2 ) VCG16 R RIAE Ky
PR B A Y 38 s 3 R 2 20 150 T ) 4% 245 g
SR B A BOE 4 B R R AR SR B AT S5 b, 7
VGG16 1 i 3 > 3x3 BRURME 7x7 BR,
i 2 4~ 3x3 THARACE Sx5 BRE, FEHNE
FEPRUEELAT AR [RBN BT 9 5544 R 3 TH IS IR B, 7
—EFERE LR T R BB . VGG16 W 45 45 Al
S 3 s,

& RRHA
W<

112x112x128
{ TISoftmax

56x§§x512
S bexa8x512
[T

TxTx512

3 VGG16 MZEHIRIZEH

1.3 E=EHUH

FER WL 5 N T PR AL AT A
TSR BTy 20, i P 4 Ja AR AR
W OGN A TE 210 0 B, IR
HEHARBIANE B . AR [ BEf#, Attention J2& FHAY
FAR A brfs B E R, @it HAR(E Value 580E
W AT IR A 75 3 TSR B E . TR AL
BERLANIE] 4 PR,

| KEY] | | KeYz‘ ‘ KQYn|

K4 EEIYIHIER

B, X, ,X,, -, X, FHi A&, Query A48 [H]
i HIERE AR 8 Key e [1,N] Rk (E B RS
PEE L F(Q,K) MEEIIT 3 &% HRITE Query 1
Key e [ 1,N]Z [ A AL SSOAH G S, , S, -+, S, B
h eREIT SR Y R AR

THE F R EGE F A SRS | Cosine ARARUB LA
MLP P28 3 Fhi 4507 2 TR AR

SRR
F(Q,K;)= Query - Key,
Cosine FHALIBLRY
Query - Key,
F( Q ’ Ki ) =

[ Query | -~ [ Key, |
MLP [# 2845551
F(Q,K,)=MLP(Query,Key,)
a0, 0, HITRIGR S, ,S,, -, S, &3l Soft-
Max PR TRUE 5 4R B, AR ASAURT DX B
HEATIA—Ak i H AT DATE N o€ th 2T R AL 1A
AN
o, =p(z=i|x,,Query)
= softmax (.S;)
_ exp(/(x,,Query) )
Sexp(f(x,Query)
SRAFHY o, Wl X, WAH Value, JT XN A AL H R
B, QN BUEAE R, D AR, X FRIGH o, 5 X, 1Y
Value, HEA7IIBCR AN, 45207 2 BUE .

Ly
Attention ( Query,Source )= X, * Value,
i=1

Attention AL N & 5t AR ), Mnih %' 7€ RNN
AL T Attention BIL XS PG4T 4326, BEJS,
Bahdanau 2511 Attention #1576 BL 75 B 1% AT
% BUS ARG IROR . 225 TR L Aok B 2 b
o7 FH S 28 0 265 1) 4% A~ 4508, H B T AR 22 3 2 T ML
ISR, Yang 2527 4 2400 75 ) 46 1580, 3¢
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ANE RSy AT 55 LS B 8 09 20 830, Vaswani
L8P 1 T B T HL ] (self-attention ) |, 5 L 7 FH 3]
Transformer A5 %1 | fifi 43 R0 KRR T, Fu 2
e 2RI A MY @ i 2 0 TR A
[ Z A4S H.,

1.4 ZEEME

PEPOR R SRR 5, AT 945 AR S s
SRR BRI R, SRS R AR 2 BT
FEHERE SCHER ST L, B A A RIS 1 AE B
AW — T FE N SRR, I B e
e e A A BRI RCR . W R E AL & ik 5
A3 A TR RPN ERE LS T Tk E AR
TERL G vk T B YR Rl E ik,

] B DF 2 B Rl A R AN RIS B R 8 — 76 [ — A
) 23 () 2 5 A 5[] DR 42 ) O 20K A A2 B Hi
PEATRNG o PR T B PF R AR BRI MR 2 548K
AT AR ) 18 A B RRAE 2 [ 15 BBk
Sk R AR T A S, T R R T R )
B 00 KR X B SR R A R A Rl ik,
T XA RS (0 e 47 5K 2 BLE B, BR 1S 72 /0 IR AT
PR E A2 B AG B, T B AU A RRAE Al R 7E
faf DR Al T T 5 A B AU, LIk 2 5850 )
FHRSES A5 B 25 10 B 09, T 3R %0 87 PR PE 2 &
eI N

ARSCR PR3 TR AL A sk S A R Rl S
7= FRIE A AT ATER TP, FE /3R BOCCA R ]
R ERRE , FE AR R AT ik B BLs L SRS
A, RHIEmAAEREER nE 5 R

R S “
1 ) ; AHE
G @ .. @ O
: i i (7\\
WAX) X)X &
EE LR

K5 IR RS R 45

FEE R I HUHIRE e it SRS A 58 1 i
TREM 0, a,, T 55 R 200 #2450 4%
iR VGG16 sk P, P, , -, P, FICAZ 5 BERT
FERE T, ,T, -+, T, #-47 ) it is 5, 45 31 W S B 1)
IR E, W kB SRS

UG B4 H 1) B S5 A o, THR A

P,L:W; c o
SCAS I 1) i S AR o TR A
T =W, -«

M=P T,

2 LBWEHSHER

2.1 ZLWHEE

SEIGE A RO AR K 1 Flicker 938 H 5 2 Y
PR R R P e . R B R A 1 2 A 4300
AL AR BN B 8 B SR RIS )R AR BUH 56
FYFE R FIPEIE a6 R A A B AR 01 T T B A4
o R R RN AR P AR 2 0 A Rk L T TR
B SCHHRIE 4147 4%, B B SCEUEE 36 4596 45, iR
AR ALZ AL RE T BB 4R 1Y) 80% FHAEASE AL 1]
G BN 20% V5 M IREE . BUREN R lnE 6
Frw B SR Bl an & 7 iR,

4000k 3830
3500+ 3456
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2500¢
20001
1500F
1000f o1 _ 786
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train test

Ko Kuimsk ol

Ol ™
great photo, well done Share the  impressive composition, I really Really fantastic and beautiful!
photo share the food Looks very like this picture, Ithink youdid I canreally hear the waves and
delicious!Awesome capture! an amazing job in this one, asI Thave the smell of the sally
Now I'm hungry--- said Tam impressed. water in my noose.
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2.2 EWIMEESHIRE

S B B ¢F R 55 CPU N i7-11800H, GPU W
NVIDIA Geforce RTX3060, N 474 DDR4 16GB, CUDA
WA M1, 3, [ &5 S A Python, £ & T.H N
Pycharm , 7+ & ¥#3% & Pytorchl. 10. 0+cull3,

SIS T ) SCAS B A B 3 S R T Google &
i SR “ BERT-Base , Uncased” Ay SCAS ) F1 31| 25 A5
A Uncased B SCATE WordPiece Fric fb 2 1l O 4%
ING S TG 12 2 Transformer , [58%)2 4 &
N 768 4 Multi-Head-Attention iy 12, BRI S50k
/NRLI10 M FE TN 2R 8 1 A7 S, 5240 Fr ik
BENSHIAEINE 1 PR,
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u o 2.5 RBERSH
75 S S TR
1 Batch_size 16 SEUE ST A BRSSO FTE | L
2 LSk 2e-5 I B AR TR A P A MR 2 1 RN
3 et Adam FUE, SR N2 2 o, Hovh % SOR7p 2 7L
4 BT A g 128 SCAKI , Xof EHR o3 JAE T fd P PR K H
> Dropout 0.2 F2 BB LSRR L
6 epochs 10 J7 5 i Precision Recall Fl
1 TextCNN 0.6258 0.5530 0.5872
2.3 SEWTMIRAE .
2 BiLSTM 0. 6044 0.6318 0.6178
R YR AR SO A Z2 1A A AT b R A 3 BERT 0.6970 0.6847 0.6908
TR 2% (precision ) | 3 [11 58 (recall ) 1 F1 {H1E A 4 CNN 0.5616 0.5237 0. 5420
SO RIS, SOE ARSI () ~ e
(1) o, Hp B IFZE (true postive, TP) A B 1
6 RestNet 0.6156 0.5654 0.5894

TR T Ry R T IR, M 12 25 (false negative , FN) S FH
R TR T Sy A 17 IR B IE 2K (false postive, FP)
R A A T Sk AR IR, L 17128 (true negative,
TN ) S T A SRR 0000 g T A 175

K%

Precision = TP

" TP+FP
AR,
TP
Recall = TP+FN
F1 1A
Fl = 2 xPrecisionxRecall
" Precision+Recall

2.4 FFEESRIE

kg 56 UE S AR Y () 0 E A (] 7 52 56 55080 A
IRBE T, 6] H At B — A5 15 1 A5 5 280 A AR 509 4 v
ZRIN, Fir S 5 X0 L SCAR 43 28 B 743 RN R

AP AR

(1) Text-CNN, PIZg 254 17 5 YN 2RS40 0%
150, A SR AT 55 T i T — PR

(2)BiLSTM, BiLSTM J& X[ LSTM HYZH &, Al LA
G A 3RO B 1 SRS

(3) BERT, f#i | Transformer 18 1% 45t RNN #0
LSTM , A3 BE IR 2 R 4F IR 50

UL Sy SR

(1)CNN, —Faiisps 28 25 By 14 Hioiis 28
—RINERZ bR AeE 2 G R0 2R,

(2)VGG16, i /N6 FUAZ , 3 12 AN W7 Jin % ) 45 445
PR TR 2k fE

(3) RestNet, — Fi5k 22 [ 25 | 2805 HE B v LU A%,
— IR

MRPEFE 2, X F CA B RLE$F BERT BLAY, X)
TGS EHERSH VCG16 R A5 3 Fhh &
D7 X 1K R AR AR b B RS ) B A T R A TR
J& B R AR IR AE TP A MERR R BRI L, @G
BRI ZE XS a3k 3 i, i SF R & sl & 7
%, TF Ron Tk m R G ik AF FoRETHERET)
ML AL S Tk

K3 RSB AT

s THETR Precision Recall F1
1 BiLSTM-CNN-AF 0.6752 0.6054 0.6384
2 TextCNN-CNN-AF 0.6586 0.6256 0.6417
3 BERT-CNN-AF 0.6945 0.6385 0.6653
4 BERT-VGG16-SF 0.6543 0.5854 0.6179
5 BERT-VGG16-TF 0.6849 0.6089 0.6447
6 BERT-VGG16-AF 0.7259 0.6958 0.7105

I S A R R B, F T 1 R AL A R AR AL
D7 H o PR & RO S T BN AR A [
X LCRREE  FESE I o LA T 3 Al AR R (F
51,2,3) , [R5 i 2R A A
B, SEEE R BT BERT-VGG16 A & 1AL
il El A AR 2 T Ay

SR 5 UE AT A B A v I IR 2 A SR, B AL
FED A kst T L2 T E5 4 | 35 A A il BBt AR
F4 FiR, ATRUREL, YA AR RES S B RS
SRR VR R S AR [ R, AR5 FIr 000 f14) 225 SR 5 SR TR 1
JEBRTE R S5 AR TR, U H bR B e R S,
SCATE B TR A 5 B 15 b RS 258 1 17 SR AR
S s AT B o SCAS I IR 1 IBR A
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If one day I can see him, I hope he is not happy, at least not

happier than me negative negative negative Negative ( V)
’(l;:ye ;j(ril}i)in;j §§;iel:tea:zr?i.r dI will also get up early every § positive positive positive Positive( V)
=} . v .
The sun is so blinding, it’s funny that the flower in the green- N i necative ositive nesative Negative( V)
house never feels it, it never lacks pampering. .} gatve posthve gatve sgative
AV |

The happiest thing is to watch the sunset with my family. ‘ positive negative positive Positive( V)
To be merciful to your enemies is to be cruel to yourself, and |- i - - Negative( x)

. o P negative ositive ositive egative
to remain bestial is to be invincible in the law of the forest. 5 P P &
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3 #ZEFRiE

WRFCTR L 2 2] RN A bt 28 W 28 RS HOR | R —
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Multi-modal Sentiment Analysis Model based on BERT-VGGI16

CHEN Hongsong, AN Junxiu, TAO Quanhui, ZHOU Jun
(College of Software Engineering, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract ; Aiming at the problems that traditional sentiment analysis methods using only text data cannot fully dig out senti-
ment information, and the amount of information contained in monomodal data is limited, and cannot reflect the true emo-
tional state well, a multi-modal sentiment analysis that introduces an attention mechanism is proposed model. First, the
model uses pre-training models BERT and VGGI16 to exiract features from text data and image data, respectively. Second-
ly, in order to increase the weight of important features of each modal, the attention mechanism is introduced during fea-
ture fusion, and the fusion model can greatly increase the amount of data information. Experiment results show that the use
of a multi-modal feature fusion model based on the BERT-VGG16 that introduces the attention mechanism has a significant
improvement in the effect of sentiment analysis compared to single-modal and other multi-modal feature fusion models.

Keywords : sentiment analysis ; multi-modal ; BERT-VGG16 model ; attention mechanism



