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Research on Multi—Label Image—Text Classification with Multi—-Modal
Feature Extraction by Integrating YOLOv8n and BERT

YU Renjie, JIANG Jun, ZHANG Shaohua, REN Yihao
(School of Information Science and Technology , Xizang University, Lhasa 850000, China)

Abstract: In view of the limitations of traditional single-modal methods in the utilization of image and text information, as well as the limita-
tions of other multi-modal models, a multi-label classification method that integrates multi-modal feature extraction of YOLOv8n and BERT
is proposed. YOLOv8n is used to extract multi-scale features (P3, P4, P5) from images. Then, a fixed—dimensional image representation is
obtained through global average pooling. At the same time, the pre—trained BERT model is adopted to encode the text descriptions correspond-
ing to the images, and the [ CLS] vector is extracted as the text semantic representation. After that, a projection layer is utilized to map the im-
age features to the same dimension as the text features. Moreover, a cross—modal attention mechanism is employed for feature fusion. Finally,
multi-label prediction is realized through a classification head.On the COCO 2014 dataset, the multi-modal approach integrating YOLOv8n
and BERT achieved a precision of 81.64%, a recall of 56.71%, and an F1-score of 66.90% in the multi-label classification task.This method
effectively improves the performance of multi-label classification tasks by deeply integrating the multi-scale visual features of images and the
semantic information of text. It provides a practical reference for the application of cross—modal information collaborative utilization in complex
scene classification.

Key Words: multi-modal ; feature extraction; cross—modal attention; multi—label classification

FE CSPNet B T /45131 22 RUBERRAE 4 738 5 3 51 35 11T BL
], 78 S A I 375 5% v R B LB, SR TR A2 275 5 ™
TRIAIRLE F AR U 5 B e 3 55 AT A e B g SR PR
PLYOLO & 41 AR AR B (40 YOLOVSn )4 41, FARTE & A b i SO 25 A (4 BERT ™) FE 5 4L

0 35

T

Y #m B H#5:2025-09-19

EEL£TIB: AR aAHFALAA (62261051); 9K B #& KA % B (XZ2025012Y0060, XZ2024027Y0002)

EERN A=A (1998-), 5 ,CCF AR, BRAFREEMFRRFRALHL AL, LT @A SHESHLS £, 2 F(1980-), 5,5
WA FEERFHRFRII, AR & A BRI R Y H£(2001-), B, @HKFEEHFHRRFRMALHRTE, FLF

A RGRA AR L 2(2001-), 5, BRRFE A FRARFEMEMTAL, LT @A ETHHR, ALBIAFL £ £,



- 198 - L QRO | 2025 4F

SR 1R SO SCEERERE 1, 5 | A SCARBEZS DA 58 3
FFEARAL TR TR, R MBS I BBz i,
A BFFE A0 CLIP B/ FLAVA [O4E 8575 3 30 B T (&% —
SCAKG R B AR A BAT 55, T A T[] 22 AR A8 43 2 B R —
BRI S SRS L A Z IR R ERR

ULAE SR, —Sef o SR B AN 5 18 5 22 (] AR I
o BN, CLIP 38 i KA YR — SCAR X 470 2 2
SCERLTORURLE B B AS X 55 . ALBEF 5 A Zh i 281 5
W, DABG SR R 2 37 MDETR 446 AT 45 5 SC A 14 il
ARG A, B T oy S 3ty () 2 A A, (0 SRR e
HARREF 28 2 RS 55 B . eah, Bk
22 R VR IR D2 8 350 {1l 75 45 FRT BRL SRS, e LA S A ]
YRR | IS N RS L, EUE B A RCRILN  JUHEL
O it 22 b B 3 v 1A (10 5 A SO

BEXF R PR, A SCEO TS —Fh A YOLOvEn 5
BERT I Z W5 45 FRAE L IS 7R Jr i, o o5 fff e 4D J3E 40
18 T X5 ARG SR B A5 4 b AR 4G G ) T,
AR B TR A

(1) $2H 2 RS —IE 5 R sh X 5706 . 2T
YOLOv8n #HU 2 )2 BN FFIE (P3 - P5) , 45 G IS BT
BB EUR X 3% 5 BERT SCA R (An[ CLS ] i) i) 1] /)
K Ak s SOCHE A7 %m i 5 k.

()BT — R AR TP Al A B 38 2 St 4%
S5 1 AEE [ A& A 2 BUSRRIE TR R TR S 1
A R TR F AR

(3) 5] ABRZE LB e 56 MR DL R ] 4 TR B S AL o
3 3 8 R A SCERAT I SR I 0 1) (A DG PR HE B, 25 BT
KB R ARG8T 2t dg

SEI S B R  TE COCO 2014 ZFR%E KA 55 P A
SCH A e L LA R FE G5 Z AR SR AL F 1 Precision 5
Recall 45 i L #0A W AR T, RIDZ LA E 5T

1 ETFYOLOvSn 5BERT I EASREHE

1.1 YOLOv8n M 45H

YOLOv8n (14 /0 £ 5 44 4 18] 1 it 7% , £ % 1 Backbone |
Neck Fll Head = #5344 B , 45355 43 =22 [) 38 5 /5 28 £ B A%
i FVRRIE R G, S UG S04 338 H A6 D00 45 53 Ft ) 1)
SR . Horh B A AN TR i /N A R, AN TR 2
B

(1)Backbone, 32671 57 I A IR v i HUIE 2 31 5
G RFAE o ZIR I AL Z AL G B (Conv) JZ I
Bottleneck i, 1 H51 AT M A C20RBIHe DU & R 1k fill
BRE

(2)Neck. 1 F Backbone 5 Head Z [1] , 1 57 £ ] & 4%
fiE ARl FIHE 3R . YOLOVSn 1 Neck #8435 FIZE LRFAIE 42
FIE M 2% (Feature Pyramid Network ) [R5 H4 , 3@ 13 22 )X B
EERAETEAN A2 R E 8545 B, LA 5 e iE 5] A 2 34 AR
73, DT B T A DU RS 2

(3)Head., Head #8431 57 S bR (1 H Ar A I 70 321 5 HE
Wl HA & 2 )2 B R 2 AN ) RUBE 1)
fEE . Head i 3 4 FLUZ X Neck & 38 (1 R AF B #E1 T AL B,
i 0 H RS AR 00 A A bR RN A R e AR A L8
BRI 2 2R
1.2 BERT W4 4544

BERT (Bidirectional Encoder Representations from
Transformers ) 42 — Fi' 3£ T Transformer Z2 4 18 7% & 27 > F
R, BEAE A X VR R D HLERI BEA T BN SCHEBE ., SRS
B S AR, BERT 38 33 XL [H] Transformer 4 it #% M
SCAS R 2 AR A 00 ] Bsf 2 20 18 SCAR L, AT T 1% 3 4R
T E B RE T . BERT RYBEIR 4510 T 2 @ 46 A )2
(Embedding )2 ) % JZ Transformer %1% )2 (Encoder) | i i1
JZ 353, AnIEL 3 iR

(1) RS R AL T AT B AR B AR

Backbone

( Conv )—{ Conv )—{ c2f )—»( Conv )—{ caf )—{ Conv )—»( c2f )—{ Conv )—-

Head

Neck

|

Detect

100

Fig.1 Architecture of YOLOVS network
El1 YOLOv8M#&&H



512

BB, FE K 5 Al YOLOVSn 5 BERT 2B RRAE SR U 2 bR 25 18] SCor 205 © 199 -

Conv Bottleneck
ke I ] Lo o P

(a)Conv

Split Bottleneck

(c)c2f

MaxPool2d MaxPool2d MaxPool2d

(b)Bottlenck

Bottleneck

(d)SPFF

(e)Detect

Fig.2 Structural components of YOLOv8 network
B 2 YOLOvS R4y /N A

Segment Embeddings

Token Embindings

Summation Layer

Transformer Encoder Layer

[z e Core Parameters:

Hidden size: 768

Attention heads: 12
Output Features.

FFN hidden: 3072

Total parameters: 110M

Fig.3 Architecture of the BERT network
3 BERTM&4H

(D& AJZ . % AJZ A Token Embedding . Positional
Embedding 1 Segment Embedding ZH A%, . H: ", Token Em-
bedding 17 TR fr A SCAR B 0 Ry 1] 1] |, Positional Embed-
ding 38 2 [ & 37 & Fit it $& Ak B3] 37 B 15 L, 117 Segment
Embedding HF XA ASTa] A, iNAE NSP(Next Sentence
Prediction ) {1: 45 P X 73] F A 1] T Bo 2, B3 3 Firiix
A S ARG VE R Transformer 4t J2 %A o

(2) £ JZ Transformer @52 . BERT K £ 4> Trans-
former JZ UEAT IR BE 1l L4 , BERT-base A& 12 2
Transformer i 5 7% , BERT-large A W) A3 25 24 )2 Trans-
former It 4§ o B Transformer )2 1 [ & S HLH (Self—
Attention ) FI1 T 135 # 28 W 2% (Feed Forward Network, FFN)

AR, Ho, A EE I HLEEE T Query (Key 1 Value
Z R AR S, Sl AR AN [R5 22 (A O O 22 o AT 42
) 28 D) FH % 3 B AU (9 3R AT AR R R AR e, L) gk
— SRR R IR RE T .

(3 2. #£ BERT (it )2, AT 55 T Lk £
ANFE I AT RRE SR I, BN, A SCAR AT S5 v i
W PR EE ) [ CLS ] token X 24Ny A 38 #E 47 36w , IF
PR A R 2047 5328 AE 24 SEAR R ] (Named En-
tity Recognition) {T: 55 1, X flr A token #EATHRTT . HAb,
BERT if ¥ ¥ I‘Ej%‘:ﬁg%(()uestion Answering) , CINEEE 3
[SEP ] 43 (8 5 >4 - A 287 S8 0
1.3 EHS YOLOvSn 5 BERT M S BRI RE KRR
Fik

ATy Pl L R AL TR R BB B A H
bR 218 3G 3 B B SE I 2 MR Bl G 5 2% 0
2 RARZER N IR 4 FTR

FERL SRR B2 U7 18T, A< SCi% F YOLOV8n VR W HL 3 B
TR, JEPRAE T 22 ROBERHIE 4 735 (P3 P4 . P5) REHS [F]
B4l A 40 1 SO L R 5 S & R AR S AT A
R — g SRR AR 9 23 25 N 45 (4 ResNet) , 5338 F T 5 304
FEAESEA T 400 B X SO0 55 . SCASREAE 2 U0 SR H BERT £
R RFE LU Z W) [ 7 B U A BB % 75 5 3R 3k 16
LR SOCRMNIE LRIR R 5 Sl A PR A & T i SO ik
Ao R IR A G REAE B 422 53 (8 1 55 A 65 SR 1Y)
Jay BRAE AR SCH I AU ) B B T B ML . AR S T
G X 3k -5 SCA TR A 2 (8] A 300 5%, il 3 sh ST B A
KIRALEE , SEHLP 25 F Al 0 R IE A o Beak, itk —2
I 2 0] [ 18 SORE SGPE AR SCHE H —Fp 11 4 S B g
SEAIL K MU ZRECH h e E A5 2] A bR 2 L B e 56, 38 2o



- 200 - L QRO |

2025 4

Input

DarknetConv
2D BN Mish

BERT

1

knet53) i

EET U
e

Tex2Image
Attention and
Image2Text
Attention ( E7)

Zin&RH (80
LT R )

Fig.4 Overall architecture of the fusion framework
B4 BAEEEY
A2 o) 1P B0 58 I M T A A3 AR, T S i T A
R B2 U fig
(D ALLH IR 2 YOLOVSn B T M4 4 L
RUBEFRAE (P3-P5) , Ho 2 [] 43 B2 43 1] 2 8080, 40%40

20x20, 3# B ECIT 9K 256 5121 024, 4k s ik 40y b )2
XS4 )R F R SRR R, AR A SCASH i i s 45
SRR BRI (PR B 4% R 0 | B LA A A i D) B A
BERT #i7114)

(2)FEAE IR . PUAEARAE R FH Bh AT 1 A4 (Dynamic
Gated Fusion, DGF) 5 (L& 5) %% P3-P5 F#AF ALK &
Hf, e R BARAAN:

a; = O-(Wg.CONCAT(fPS’fP4’fP5)) (1)
| = Zal’fm (2)

o, w 2T EREAE I, Al 22 D 280G ), N5 2
(P3 P4 P5)FFAE ] 4 LAY AL 58 AR AE 7] 3 ; CONCAT 2y i i
4 B PHEARAT s 0 Ry Sigmoid W PREK 5 oo, SR R I RUBE Y 1]
P 2B, R R R R A T A f, R R )
PESERFAE ] e, ] Z55 A 6] ROBEARAE B InAL 25281

SCASFRAE R BERT it 69 [ CLS [71C , 287H L7818
2 (BERERTR T2/, e R7™.

QR)ZHWELH ., ELBELEN B, vl iz
PR NEBRE I IRFE S [B) X 55, SERRIE £, R L VE S 4 W,
5 GELU (Gaussian Error Linear Unit) {8 i PRI e 55 A h, =
GELU(W f, + b)), SC A F¢ 4E £, 8 & 13 — 1k 15 %) h, =
LayerNorm/( f,)o [ Ji ¥4 8 X 1) 73 7 7128 H AL A 2 (Bidi-
rectional Attention Interaction Mechanism Process) , 1l & 6
Fﬁﬁ_\‘[w—mo

P58 B SCA 13 2 R Ry

P3(80*80*256)

PA(40*40*512)

P5(20%20%1024)

| |

X Fsq

P

Fex
_

1x1xC 1x1xC

N

(R E
o =softmax([P3;P4:P5])

FlARSAE

Fig.5 Dynamic gated fusion module

B 5 iR ERR



BB FE KA 5 AIE YOLOVSn 5 BERT 2B S RrAE SR U 2 bR 4 161 SCor 25 5T - 201 -

XXXXXXX

ARBICATER S

AR 1

Weight layer
F(x) ReLU

Weight layer

F(x)+x C} ReLU

Fig. 6 Flow of the bidirectional attention mechanism

B WaEBANHRE
hWo(hWy)
Jd

PR DX S 5 OB A% JCIBE , SCAR BIHLAE v )
EIE

A, ., = Softmax hW, (3)

hW(h W)
Jd
AR R AR LS5 B A SR RAE, 923 1)

whaRiE Y BAGR R RS ZEEER hy, =

hy+h A, +A o HH W /W W WL W, IW R T]

5] (A ) i (EROE R, d R ARRIEGE
K7 Je 1A SCHE R SC 2 RS Rl vb I & 8 XL )

VB2 SIHLH (Bidirectional Attention) ™', Z ML 438 A

Y] : Text—to—Image Attention 5 Image—to—Text Attention,

A, ., = Softmax h,W, (4)

Text2Image Attention

Softmax

p: P pr

3 AR SCAS X MG A T B D) 5 RO SCAR B T .
ARAE T H B R R AL AE 6] — B2 N AT R R SC AL
FEAE—E MR T AR SCHRE 0% S B SCAS 193 32 77 (Tm-
age — to — Text Attention) HL | , i 15 & A~ B4R IX bl g 48 5
FE T AR DC N SCASTR) A, 1 T3 53 A 0 R A 119 1 SR A BE
Jio HIGEE, SCAS S R Y 2 T (Text - to — Image At-
tention ) HL I U Sz [ 55 Ak T SCAS XS G O B8 DI %) O 7, DA
MEETE T 1 LRI B HERR M . SRR 3 0] 38 BN R07R
AT SRR ASE RE AR B ALAS TR S AETERY AN 2 T EL
A A0 i A 285 [ A M 7 1 0, e ¢ 92 B B 00 ) i
XF 5% .

NP 7 (ZE 18D B, SCARRFAE R UL U2, U 5 R
i P1PT PT AL 8 — A~ DE BEAR DL EE R P o i aed o) 4 — 37
(RPREAS B X)) 24T softmax #4E , 75 2] attention FUH .
FFHIZAL R SCARFHE AT NG 2,45 31 5 B EHR X
BT RE Y ETR SCCARFRIR

A 7 D) B, DORHARLRE R I vh i U — 47 9 i
ABRE 1) 2, 122 0] B 7R SCAS B AT R 25 DB 12 7
JIREE o B HAE T A R E 45 3 42 R R R S
) o OB AR MR X IR R AR P X R 4 SCAR R SCR
RN R R IR BT BRI  BG TR 1R B G R R IX
B G T 5 AR DG SCAE B 5 B AR EMEIE U R

(4) 532K % . TEZhRZE T By B, 2 1 1T 45 2 i 4
s ALENS L 3T COCOo I 4R 46 483 0 AR 25 3k B4R 1
M, _ oy € RY ™ S8 I AT 27 2 [ 45K 2 25 Rl 45 I 1 P AIE
HE®mmil, BAEmME,MNMHERZAHEN: ¢=
W, [ o s Moy e hion 1) - 1% 5 B T 3 25 AU 2 )2 2%
FAIHL (Multilayer Perceptron, MLP) % T 4% 5 5 45 25 SL 81
e I A5 BT S 2 K b R TR L e 2 s S e
O

y =g MLP(hy, )+ (1= )+ (M, k) (5)
b o 9 Sigmoid REL, AT THEELHAE (0,1);

Image2Text Attention

pop pr

Fig. 7 Structure of the bidirectional attention mechanism

7 WEEEANEEN



. 202 - BT T

2025 4

W, e R NITERGERRE, BECR N 25 B IR
W, 51 PR SR
L=1Ly+AL,, +X,L, (6)
Forpr A A RSP R S B (S5 v 43 5 B 0.5 R
1.0) o 3 3 Ge 1125 2 BIAE VI B B i) 1] 4 A A Ak 34
KB T T A AR B (AN “fork — knife” “dog — per-
son” ) [A] 2% [ 2l 43 e 5 w2 AL, T 7E FRH DG 28 1) ) £ 47 1%
B UG IAS Y ] 6% o 6t AR B A 285 1 SCOG 3R 1 3 N R
FEAEDTHR o 3l 2 25 08 05 ML) A 7550 78 A K R 0 A1 B
T R iR fE

2 XBEHERSN

2.1 HiE&E

AR HMS COCO 2014 B 8- AE ML F- 5 . MS
COCO(Common Objects in Context ) 545 8 H1 Lin 21O HY
£, 82 783 5K Il 25 EI 45 F11 40 504 5K 531 FZ , I 25 80 4~
PRI . Bk EGR AL 5 S N TARE Y SCAR I . R
FHZ2 AR 28 A 1 TR W Xof 4 51 T R (18 S 01k e 004 7 S 1 e e
Az 80 4k T AE Mt o YR BIAEAE F A — AL X
IVEA= IR
22 TS

A SRS 25 5L T PyTorch HE 42 ST, 7 5 o 8 422
IR 6 EA S e i D B R S TR AR A
J‘%{ﬁ%ﬁ(]ﬂpochs) V3L B AR AR % (Batch Size) i A 4E
(Imgsz) % ) % (Learning Rate) . F-AT2A HEFE (Workers) |
T A T W HR AL S W (Pretrained Weights) o 4L #55%
AdamW H3E WG 27 2 R E N le-4, IFHE G le-5SBEE
W F B, L4 SN AR YOLOv8n B 5 COCO Filill 4 A
SCAS Gt i 2% 1 45 BERT-base 281 LA B8 18 & R AL fiE
B4 AR TR 5 YOLOvSn BRIA I 25 23 9% — 3, 5di
i A5 B LK B SR AL BT, Sl P B, L
S PR AR B U R R A A P RE
23 ZWHRIFEE

JPEAG A SCER 1 B YOLOv8n+BERT 220 45 45 [RI% — 3¢
A ST FEHE LA M AR, AT L 5 LS B YOLOV8N
BERT DA K 3= 3t Z A A5 #5580 (42 4% CLIP VILT Fl BLIP) 17
o . PEAL 8 AR G 45 K 1 2% (Precision) . 4 9] 2% (Recall )
1 F1 80 (Fl-score) s 2 1.3 2JEB/R T £ LR AT
PEREZRIN, 32 3 JBIR T A AY (1)1 Fh S 96 45

CLIP 4 F1 43 %N 50.20% (K # % 62.40%, 43 [n] %

Table 1 Performance comparison of multi-modal models

F1 SESEBERLLE (%)
AR Precision Racall Fl1
Clp 62.40 41.80 50.20
VILT 78.89 35.20 48.50
BLIP 74.20 46.30 57.10
YOLOv8n+BERT 81.64 56.71 66.90

Table 2 Result comparison of models on multi-label metrics

R2 HAEEZREEREHERILE

iR mAP AUC(macro) Hamming Loss
Clp 0.39 0.75 0.24
VILT 0.37 0.73 0.26
BLIP 0.47 0.79 0.20
YOLOv8n+BERT 0.53 0.83 0.15

Table 3 Module ablation experiment results

FI EHREMIKER (%)

] Precision Recall Fl1
YOLOv8n 65.20 48.51 55.79
BERT 74.17 46.29 57.12
+ BERT (PHERLA) 76.80 50.93 61.15
+ B 1H#ERLA (DGE) 78.52 52.49 62.71
+ WA T 80.49 54.77 65.30
+ [P (A ) 81.64 56.71 66.90

41.80%) o S L 0T Hrag ) ST BT 1 R —SOR
XF R A AR A AT 55 BB X RN
CLIP (4 F I 25 B 5 5 1] T32 AL VC L, i JE 52 AT 55 1
oAk, FEAE L 43 5 R il A o A i [m] R 55
fI%, F AR LE R AR Z AL IE IR A B AEAE R FR o

VILT B85 8 545 55 (78.89% ) , {H 73 [0 R4 Ky 35.20% ,
F1 3 50h 48.50% . H: 35 % [n] A0 4% - (DB RN &5 —SC
N AE A R O T B, Mk DL AR R AR R R IS AR S 6
B ; @7FE K B Bt b R, S8R FR AR
YN Ll 72 Hh Bl = X Ak B 2 B 0 78 e fk o

BLIP £ 328 A5 7 v 2R Bl Ad: , P10 80k 57.10% (R 1
FT4.20% , B M 46.30%) . SR, HAERE A 7E AR A2 .
AR BLIP 78 0056 — 15 5 B0 25 05 11 R BLAR g, {0 L s A
AR A B R AR AR 8 4 A SCAR I TR )2 1 A
B AR, 22 A e AL B 2 FE AL G —SCAR X I
TETEB I o

5 TERSE Rl A B BEIZ 28 I AR R AT 38 il 52 55, O
X4 AT A . 51 BERT SCAHRAE I 5 9050 R A1E fif 2
PrEE F1LEETE 2 58.20% , RIAGI A SCABLE(F B E KR
O E AR PR A SRR A BR . B iR A B 4 R RRAE
KA RA (DCF) Bl G 2 RIERHE)S , F1EETH
2 61.51%, [HEEE, DCF I AER R T HE
L mg ALGIAD R S8 FLIRTH T 29 1.6%,
VLR B AL BT A RAR T35 A 255 i EL7R4R IR R A
My Be 3Tt T A 30 BRI, B0 UE T e A R i
F14) ] st SHE BBk SR A P 4%, PR L 1 7 72 T L i) R R AE B
12, LSRG FLEAE T2 65.30%, WEW] T 2 REEFE
HEXT T & A s A T B . O T T ML
FROEBERE , SCI B SRS P B &R T £ 65.30%., X7
Ay YAIE T PR T R 7E AR B) 52 B T A P
FORMERRIE T I OCHE . TE LT AT LI B, kL
53 BGE B e 2410 66.90% , ¢ B 5 = 1l 1 FH Bm 28 4H 5 1 50
PR BT THE B 2 1Y Recall 5 BUAICR o



5512 3

BB FE KA 5 AIE YOLOVSn 5 BERT 2B S RrAE SR U 2 bR 4 161 SCor 25 5T -+ 203 -

[FIH} , A SCHE A Precision , Recall \F1 f8#n3LAE F | #b
753 T mAP.AUC (macro) il Hamming Loss 3 s Hn, dn
2R . GERFRY] AR YOLOv8n+BERT KU 7L
3RS L0 T AR | 3R 80 L T i Y 22 R 2 T e
IR AR A . WK 2] LUE ), YOLOv8n+BERT 7
mAP 5 AUC $8#5 [ 435135 5] 0.54 F1 0.83, %% BLIP #27}
T 7% 5 5%, KW HAERAHT 5IEREAX /3680 &
Bk A, Hamming Loss [ 2 0.145 9, %5 S 2k B Ay />
24 30% , 15 HH 1258 T8 E A 25 T0I 14) oE ff 1e R 5 A 4 T
AFTHETE. 456 P R FLIRAR AT, A SO R TE Z RS FF
Atable with a plate of fruitand

bowls of meats and cheeses.Some
platesof food thatareon atable.

BLIP: knife. wine
glass. bowl, vase

OURS: dining table. fork.
spoon. bowl

Awoman is lying face - up in bed
with a laptop beside her.

bed

OURS: person.
laptop. apple. bed

BLIP: person. laptop. apple. ¢

Z)

i Rl HP B 1 S 4 Je s EE L A KL E T S 3R -
Bk

TH RSB 4 R AR WY, AR SO Y 10 B — LA X e 28
PEREA 1 1] DMK, AP X 7 50 L R 11 AR Ok,
SR T IZ AL AR 200K T SORT 5 0 I R 0 ) 5 DA L
P BT 09 08 D, 3R RO A DA A S T 5 TR Y
PSS

Oy it — A SR AR SCHR A Rl Y 2R 4 P Do)
VL BTN, X 4 A LR35 T B4 1 SCRR 28 T 45 2R
AT HOAE, e 8 B o

Aman wearing gloves is standingon
the playground doing s ports

BLIP: person. short
sleeves, baseballbat

OURS: person. baseball
Mibat, baseball glove. baseball

jacket

A man sitting at a dining table
using his phone.Aman sittingat a
table with plates and utensils.

BLIP: dining table fork.
bottle. bowL. person

OURS: dining table, fork.
spoon. bowl. dining table.
person

Fig. 8 Comparison results of models
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