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W E: LSRR RAFICEBRFRARFRAFTEALSLY . EREFZIREAF BE P20
HARERMETPRETEMHAD, AT ZFHEMNBHRFONLE LR, ALETEHMNMEZM %5 F
B FMET BEF R AEREAE(YOLOVA-GCN-GRU, YGG) ., #ZH A A B B A& P 444 m 2) 69 xF £ 69
w8 AeiE AR 8 SR B, AR B A AR AP 2 K 25 (Graph convolutional network, GCN) & 4 45 2 % s B
HHEMNRRRTET, EFRERNE, N % AT 542 W& R A3 F61%, A m 4B & R
BAGHAEARESG, AT MSCOCO BB E AT AR, YCGAER LA F4F65 M, ¥
CIDErD #9 H4EM 138.9% #2 % 2] 7 142.1% .

KW BRFR;ZMELE; BERNEZML ;5] FaF; 2 RBER

FESES: TP3 XEkbRERG: A

Image Caption Generation Model Based on Graph Neural Network and Guidance

Vector

TONG Guoxiang, LI Yueyang

(College of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: In recent years, deep learning has shown its advantages in the research of image caption
technology. In deep learning model, the relationship between objects in image plays an important role in
image representation. In order to better detect the visual relationship in the image, an image caption
generation model (YOLOv4-GCN-GRU, YGG) is constructed based on graph neural network and
guidance vector. The model uses the spatial and semantic information of the detected objects in the image
to build a graph, and uses graph convolutional network (GCN) as an encoder to represent each region of
the graph. In the process of decoding, an additional guidance neural network is trained to generate guidance
vector, so as to assist the decoder to automatically generate sentences. Comparative experiments based on
MSCOCO image dataset show that YGG model has better performance, and the performance of CIDEr-D
is improved from 138.9% to 142.1%.

Key words: image caption; spatial semantic map; graph convolution neural network; guidance vector;

generation model
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51

i

PG 758 R T AR T R BAGLBE AE BOAT 55, AT 45 B AR AT AT — AN W05 4G 0 2 48
— AR AR AT B HLIER VR IE A 0 35 A 1 E R Rk R e o B AT AR AR BB R B 5 O AT LA
O3 R 32 BT RN 0 O v TR O 1 DL SCEE TR 2 2 1Y T v

A F R TR FE 5 o R IF R 5 A R 9T o 3 T 22 I 2% 1Y) J 12 02 DAL e 008 v AR IR UK,
S H 51 T A8 5 28 W 4% (Recurrent neural network, RNN)/4: B V5 Sy 4 55 2% F1 A i 20 BL0
Vinyals 25/ Fl RNN 1 4 5 %% , 8 K S8 815012 M 4% (Long short-term memory, LSTM) 8§ ] 1§ ¥ #.
JE(Gate recurrent unit, GRU ) Jhy fif 5 2 K5 P 452 1) ki 10 B ) L B T 450 9 2005 5 Mo 254l
TP i e A5 o e A BT A A 5 25 T IR N IR — R0 v R T 4 o A R B O TR) X3k, A 4
W50 32 BURE 77 5 o8 1k — A5 Bl v 3 LA, Lo 26 100 1 5 | A RLBE I ol 750 ) DL 335 7 M O 3 R 4%
0 X You S TR T — R L TR CRTE R RO Bl A T AR RGN A R S e B
KT S LR X BT ARG Ik, R X B R 4 B S N 280 I i 0T Al R BAT B A Y
A PE , Liu 25 P 4% s 86 B2 7 220k B 3404k SPICE Al CIDEr (926 41 4 (SPICE 43 %% ) , W1 {15 2
BT R R T R, A A N2 2T 5 Zha ST 2021 4 SR — i 9 4% 2 A 45 2% S R T 1 b 1%
T3 F RNN 1) B 745 A sh i i 23 A B (AutoCaption) , R T & FILE S BN R L2522 ik, E N
R L) 2% 11 BB 2 B 45 4 s Pan 25 OB Y T X R T 2 M %% (X -linear attention network, X-LAN) , 3% % %%
W X2 M T R e A A B PR A5 e A TR 1) RIS G e i R A A 25 b, AR R B R A A PN R AR ] 28
Hoo Ak, BIR 4 T LA AE SCAR A il BAR AT 45 09 I 1) TAE , 5 2 40 56 19 B B T 78t B — 2 119
0 7 S0 X A R T — T R A RO B 0 4%, el R T IR s ok 1 A A B S A ) 1 5 0 R
Jif s Johnson %52 8 Wy T — Bl A 3 5% PR 2L R RS B 7 s B A% 0 S M A BSOS Ao 2 RO R . BB AN
SCAR 22 0] B 7 06 R TSR ML B2 A 8 AR5 T AT, A T R R A AR AT 45 BB B R IE SCAR 11 25 () Jak
T, SCEEORUE MG 5 SCAR 22 [ 1 245 R AR AL A S — 3t

BG4 AT 55 50 T T A8 6 R o A0 5 22 R i o0 B e o G2 1 5 6 AT, DA Je X 52 2 1) 9 28
TR 2 M R AT AR T8 SO R BEAT AL IR LE OC R AT B — A AT S IS R R 4
Z A U FR o Dai S5 IR BE 2 2 i g L8 G ZRKG I ) A, R T oR A N (T8 IR
) = Jne M A = 0 4H 22 18] B 23 ] 0 8RG8 OB 06 RO HEM A TR 2BAR 4 L R I T — 2 %
G R R 2% Lo B3 07 e T 3 AN AT 55 s Lu 25 R I IE SR A SR SHOR 6 2 BT REE , S
o 100 5 R v A XoF G R A Ay A% T 00 SR 5 Xou AT P R Ok A R G R LG AR R R
1) S 455 5 A e T 37 S 1] B O 3 o T A% 3 3 AR 2 ST M IO HE TR 5 Yao SR M fil ] PRI 2 B
2 W 4% (Graph convolutional network, GCN) 2k XJ 9 {4 f4) 25 [8] FIiE AR B AT 2278, DO 27 > X Jak 9% 4%
fiF o

P 225 D) 245 A PRI e 2B v i) g P B R 82 3 OC 1, DRI AR SO TR B 2 ) ik i TR T
Pl 2 ) 245 R 15 S ) i ) RGO RS R T R RS 6 R SR B o8 T I ) AR AT
%o TS AR (1) i Bt 2 R0 YOLOvVA B3k 3 RE P By X & AT R, S B0 T %o B 1%
{5 BB RAE o (2) 2R F 25 8] 1 s B 43 Be B30 3k RN SO &R 40284 % MR b 19 15 8 30 i 2 T o7 & ]
KR E, DL %5 BG4 0 A X7 B ANE L R () 3 A B, 2 T —Fh g 3 M
& TG S, o EHR D B AS TR G A OB, il B A 28 58 1 A 1 A A

1 FRERKE
TR A RO Y B A AR R AT 23 0 3Ry RS BOR AR VRS AR B A LR TR ) A
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e
1.1 BBRERRE

NI Tz BN g s AR SCE i Bt YOLOv4(You on-
ly look once ) 53 1 45 2% pR L, I8 AR S H AR G A He | DA TG 55 2R
X R R SR B R A AN 1 TR o st APk pR B

Loss = Liu T Leonsidence T Letass (D)

A : ToU (Intersection over union) & 7 T U 31 S 4E 5 2155 1 FHHEAH
AR EEB Lo 3 FAE B AL B DS 5 L oonsaence A ELTR 02 5 Lo AT
ek . 3R TR A R
Liw=1—ToU+ d¥c¢* + av

L conidence = z K[*lgp + BCE (1, 71)} (2)

meziﬁﬁW—gu—pJJ

=0
L :BCE(n, n)=—nlgn—(1—n)lg(1— n);cFd 455 R WA Bt |
S Fp s 22 ) ) B RN EL X A R B S 5 S Sk RS B85 B R B A IS X glg%m;ﬁﬁ
IO B 25 5 5 R o3 AR RS 0 A IS 58 A S AR AY LIS 2R0 R Fig 1 Image information acquisition
T 250 5 p AT Y B AN AT BB s a0 WIT R S, K WA, 1]
L EZNs|

V 4 8t ) .
=, v=—|arctan— — arctan— | , K= 1 (3)
(1—TIoU)+v n he h

S e RS Ay AR S 3 FHE Y T B A R R 5o R A O T 2 AE A E B R R R 5 KRR A AR AR i A
DA (1 55 j A~ e B e P 77 2 42 I 1, 5 024 0.
1.2 BE®EEREN

25 ) 5 SRR 3 T JEUHR AN 1] 2 BT 7R o 3 BB 2 22 8] 1 25 ) 56 R 3R (v, v,), BIXE2 1A F
G 2 Ul &S B K AT LLE U

G e = (V. E ) (4)

A VARR R X R AR E g (REX B — CF=]
216 75 1A 3 T R A ~
FT T2 I8 37 L F T 160 1] F AR ToU % = L

% 2 [A] {4 K X B B A R Sk o i 2 A 2 ) Y i (a) If objects a and b contain each other, the weight e = 10
AR Y, 3 A 2 BC AL TS o X R a M

X G b 2 6] BEAT W R ALE I3 IE , 2 % R AME AL T AR LA
FORA L INERE N 100 X RAEL THZORE A 9 .
. Object box: a

AT A 0~ F P PR . AR 22 D AT N2 5, [ Gtjaciibions &
RT3 260 AL T EHR b X R 22 ) 1 2 1) (b) If object a intersects sobject b, the weight e = 11-6/45°
KA E T —Fpzs [ 47 & &, T Rk — R E G B2 28 A s

BEWIS R G 2 [ B A X B R R . Fig.2 Spatial node assignment
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BiEA WAARE SR
Input: 7 55 9 P4 FC A BN B A5 O R B AR bR (o, y )3 19 s R By ol A bR (2, )
Output: 75 s Z 8] 31 AIALE e,
While <C N do
Intersection( vy, v, )

IoU, < - 3
Union (v, v,)

di~ (2, =2, +(y, =y,

0, < arctan(w);
Yo, ™ Vv,

if Inside (v, v, ) and IoU; < 1do
e;<10;

end

if Cover (v, v,) and IoU,< 1 do
e;<10;

end

if ToU,;<C 1 and ToU, = 0.8 do
e;<9;

end

if IoU, > 0 and IoU,;<C 0.8 do

else ¢;<0;
end
end
A AL A A TR S G LA AR R B TP R A LRI . AR
SCRZ BN SCHRL16 T A&, 8 UG b X G i o OO &R A TN AR AE 73 2R 18], IF-AE Visual Genome 4 46 | il
IR SCOCFR T2 A L BEAS T 1 0S4 1] ) 3 SLOG 3 20 2R ok, B 3 s o

Visual relation detection Cross-model entity linking

A woman
wearing | ‘\
ajacketis [
on a laptop ~.

T
i

o A woman is
Ajacket s " on laptop
on laptop 0
Wearing (> = Wo:l.::i 1:2 ctearmg
J

K3 iR FR A

Fig.3 Semantic relation classifier
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FETYIN LR 6 R oy e an i, il 4 2k s gloe o
Loss=—[ ylgy +(1—y)lg(1—73)] (5)
sy FRoR ELSE I 5y 3R 00 24 17 2 0] i HE A
W SUE B A gD BT
T RS IR DR G R R R L B A S YOLOvVA M 45358, i T YOLOv4 B FR1E K B A
Ji 4ty PR it 3 SCHRRAE , J2 AN [R) R 2 i AR AR SR AR . MO IR e — R AR TR 181 (38X 38 X 255)4F i & JF
HE B A 27 ] i, 32 1) 2 % B A o RS X 2 G AR
B2 WA IEE ) & AT 4 R Ak T AR NVRRAE B BRI B K B (M =
512) i A3 — R FlUZE R 1 024 #2843 2 v, i 0 S A 23 i A B 200 AR OC R 200 Y SoftMax
KR,
B3 WIRAESC R LGB/ T 0.5, WY ETH T 2R MmN R 2 MR AR LR, TR
[N BAT 3205 75 ), B A 3 e R SR S i bn 2 o i SO R ] LLg Lol
Gen=(V,Ep) (6)
X VIRERER X 205 G E o IUERX R Z R IiE LR ES
23 )07 Pl RN o SCOG R B R At S O T RS B E A, (A5 A A B T SR I (S R . A
I GON W 28568 Hh AT 1N SO A, S i el B AN 5500k 2 s
k2 EFasian R mE R E M GCON FT AL £ ik
Input: 25 [H AL B B G e (V, E e )s W LR R G (V, E o )s SBHEFEF A VA € RE 5 B iy
MNBUK TR SRR R VT € RS B 3 S AU HRE 6'; dense J2 AIAL T BB 0, s 15 1 REAE 1) Bt
H(())’H(O)GRKXSIZ
Output: 75 45 1] it Out
A<A+T;
D,j€sz,-]-;
for /=1,2,---,K do
D<= D/ /X F 5 1 5
end
for1=0,1do

1

1
H”“)«ReLU(EZAD2H(”€“)) o VEE{0, 1)/ G fith i (9 UG BRUZ 83419 s (ol FH AR 40840

FAR R/

end

Out < SoftMax ( H"” 0., ) /44 B 35 BLUZ (9 i H 1513% 21 dense )2 , FIl FH SoftMax sR 45 e AR
Hith*/ o
1.3 ETFSISE@MENFEER

5 7T A BT B, 7R R b G 00 23 [a) R SCAR B 3% 48 o0y SCASR B INE AN (0 S 1 4 3 R 1
A, 0T ZE3E N Y AT ZR e 5 AR, (R, AR SC3EF BP M M 41 11 T —F 51 2 M 45 (Guide net-
work, GN) %t It G REAE AT R A A4 Sy AR A R 1 5 S5 B e BT I el ik £k T 0 1 25
Fisf ) L A A AR b v A AR ) DL AL BE 7, 51 5 45 1) B ek )22 152 78 O 2 )28, A e e By i B Dl 512 i
1024 % H3 2 B2 AR GON W28 Hir b I RRAE ) & @ R AR TR) o A 515 0] B 2 05 IR A [ 8k

x,=a,+ W/, (7)
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2, g GON i 00 R 15 5 W, 4y 5 8 T 0% 20 50 4,05 B2 T 31 5

E U 250 B, 51 IS0 45 T A 8 — AL P A4 0 GRU A 0B T, L 1 4
P75 BP0 5 IO 6 5 2 497055 2 GRU B GON 5 48 0 BURE G 1 2 3077 73
B 5 e AR R

R X0 L R PR G R BRI , PSR 8) X8 PR REAE T 3431, 1 91

a :iia“) (8)
t KI-:I t
FER2 i (8) RAF A FFAE 1] 1 B 1) R T i A 2158 — 2 GRU e, Rk
h}:fl[h? 1 W.s-wn-rz] (9)

AW ERP PR R R A [ B WL AR P R s A € R” W — )2 GRU ST 5/, B — )2
GRU HLIT N I 55 R0
I3 ARG )2 GRU S ITH st A XEURHAE 09 50—k 5 R 5010
a,;= W [tanh (W, ;" + W ,h})] (10)
A, = softmax(a,) (11)
Xdia, Na, Wi ILE;WER " W,eR" D H W,eRP P =¥ AW ;e REREIA
— AL R A LS iAo R A, L R
B4 B A IR )2 GRU BLIT R A DT 0 24 57 1] 25 09 B3] w, o
A AL A B[R] 25 1 1R 25 5 AT AT LI RE )5 | 2%, T SE 3L T 5] 5 1) o 1Y) B 3 27~

2 = 5

2.1 HEERSHIEE

SEG e F Visual Genome 3048 48 %) YOLOv4 W45 FiE: o 245 3547 Y 25, H 3+ MSCOCO il
AEXT YGG B AT HERE VT A o BEALIERE 2026 1Y BMGHEA T IEAL , AR EGH Tl g, i sl
Rz AGBE T, B Ik BB 3o 404, 78 U1 S5 22 i 6 B84 48 24T 0% Ak B AL T - X (A5 54T BE WL K T 8 A b
MLAR Y 5 77 1k BEAT B 3G i K U R A vh BT A i R e i R /NS S BLIRBUIN T S IR LA 55 . &
AR E BECHE 3 A AR 1 TR o AR SCHEE T Pytorch SEBR MG 2 % A iR Y . eIl iad b B T Ad-
am {78 o & B4R 2 2] % 0.001, mini-batch size & 32, f Kk AC R EC R 5 000, 78 GRU Y i 41 4=
A8 4315 FH Beam search 3R % , 3£ 1% ' Beam size 7 3.

®1 TEBEESHLL

Table 1 Comparison of different dataset parameters

B 4R VIE Y€ A&/ W i ik MR RN KRR
MSCOCO 82783 40 504 40 775 5/40 9957 Zih
Visual Genome 11788 5122 5347 50 3147 ZE

2.2 B¥SH

# ] BLEU-1.BLEU-2.BLEU-3 .BLEU-4 METEOR .ROUGE-L Al CIDEr-D % {4 48 475 3 14
BERIPERE . Y GG I 7E 7 5 A i By BE ] T Beam search 3% Fft 3 4 o0 B8 RS0 i 50 BoA M2 5
Beam size , BRI 7E e HE S 0T USRI . BIIL , A SCHr 1 T Beam size 78 I By BEXH A58 2 1) 52 i
JF CIDEr-D Ml METEOR #5458 , K A [F 448 F B9 YCG AR YEAT T X He , 3 Beam size #8#HI7£ (1,3,
5,7,9, 100 HE A, MSCOCO ¥4 48 N 15080 Pk fig il 2 8 i A2 Ak an 1l 4 BT o
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140 —— YGG,,, (-GN)
- YGG,,, (+GN)
- YGG,),. (-GN)
135 —— YGG,,. (+GN)
—-YGG (-GN)
130 F — YGG (+GN)
o
)
8 125¢
®)
120 -
115+
2 4 6 8 10
K
(a) CIDEr-D

— YGG,, (-GN)

I /\\ —.— YGGsem (+GN)
—~— YGG,,., (-GN)
— YGG.,, (+GN)

i /\0\ —~ YGG (-GN)
—~ YGG (+GN)

2 4 6 g 10
K
(b) METEOR

K4  Beam size Xf CIDEr-D il METEOR ¥ 5% i
Fig.4 Effect of beam size on CIDEr-D and METEOR
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M 4 7] LLE ), Beam size K A1 B XA A4 52 0 555 K . 24 KK F 36, CIDEr-D f1 METEOR &
TR B, X 28 W B0 S ) RN AR S EE ) i AR AR R R X — B R s B Ky 10 I, 8 A5 20 B ik 2 & ik
Mo HIL,EYGGHEB R FE KN 3B NAE.

2.3 HiEMIEXE

H T A AL Y GG AR AR A SCKE SCER[9-10, 20-24 (1 7353043 326, B 3L T Global B
2 BT Grid 19 75 1 DL BE T Self-attention (97775 o MR I Y GG BIRL 5 ol 77 i 7E MSCOCO #dls 48
AT TR IR e o5 A 40 43 B FR B P AR 5B 40 R R AR IR 2 iR . W)
VLA W80 T2 225 05 1A o0 5 i LR, 3 2 R 1 A 4 Jm Ak 3D 0 TR M5, W AT 5 1B R B X885 S
N JEL I PRI HE AT IO ) 43, AR T I A R0 R T Ry 3 DX A R, AT SR e b 2 R ) 400 T B B

F2 AEAZEEMSCOCOHIEE Ry EEERT L
Table 2 Performance comparison of different methods on MSCOCO dataset

. BLEU-1 BLEU-2 BLEU-3 BLEU4 METEOR ROUGE-L CIDErD

Tk ¢5 40 5 40 5 40 5 40 5 40 ¢S5 40 c5 c40

HF PG-SPIDE™ 743 — 591 — 445 — 332 — 257 — 550 — 101.3 —

Global PG-BCMR®™ 754 — 578 — 433 — 322 — 251 — 544 — 1000 —
ST MaBi-LSTM®' 793 — 612 — 473 — 368 — 281 — 569 — 116.6 —

Stack-Cap(XE)*? 76.2 — 604 — 464 — 352 — 265 — — — 1091 —

Ond - gack-Cap(C2F)™ 786 — 425 — 47.9 — 361 — 274 — — — 1204 —

VinVL® 81.9 96.9 66.9 92.4 52.6 84.7 40.4 749 30.6 40.8 60.4 76.8 134.7 138.7

GET™ 81.6 96.1 66.5 90.9 51.9 82.8 39.7 72.9 29.4 38.8 59.1 74.4 130.3 132.5

DLCTY 82.4 96.6 67.4 91.7 52.8 83.8 40.6 74.0 29.8 39.6 59.8 75.3 133.3 135.4

HF AutoCaption™ 82,5 96.6 67.8 91.9 53.3 84.2 41.1 74.3 30.3 40.1 60.4 76.0 1359 138.9

Self-  X-Transformer™ 81.9 957 66.9 90.5 524 82.5 40.3 724 29.6 39.2 59.5 75.0 131.1 133.5

attention ~ NG-SANPY  80.8 95.0 65.4 89.3 50.8 80.6 38.8 70.2 29.2 38.4 58.7 74.0 126.3 128.6
YGG.,, 81.7 95.5 67.1 90.7 51.4 84.1 39.8 71.4 28.7 39.1 57.2 71.9 133.9 134.4

YGG,.. 82.0 96.3 66.9 91.2 50.6 82.7 40.3 73.6 29.1 40.5 58.6 73.3 132.7 135.2

YGG 83.1 97.2 68.3 92.8 53.7 84.9 41.2 75.1 30.5 40.5 59.7 75.3 139.5 142.1
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J1. HT Self-attention 1Y /7 ETEAAFE AR A3 4038 3 HE A i L X2 D TIZ R 5 kgl AR 1AL L AN
A Jd 35 X380 L, T FLA Rl 06 7 T SO B RN ARL B 4077 o A SO T GON X G 1) 43 8] o7
i SAE B#EAT 1R CRR YGG,,,, AR R HIE UE B YCG B, YGG,, A3 HA ] 25 [ &
HSEMYGGRA . LA 5 BHE N, % 7E BLEU-1 . BLEU-2 .CIDEr-D $§ b5 | 1915 20 # 55 T ¥ K
LB 81.85% .66.81% LA 109.23% . X FE B GCN ] DL i A28 [1] J2 1 42 B 25015 8L 32 v A5 10 0of
K405 B IAE ) . IR 8, YGG 7E CIDEr-D #5845 |43 JI5K 3] T 139.5% 1 142.1% , M5 Ti%
e r B Ayt i AutoCaption 43 2 85 T 3.6 % F13.2% o A, YGG 18 HiAth 4 Fh 5 45 _E 8915 50 A1 42
T YA R LB AT TS R RR B AR T . R IE A SRR A B s ) R SUE B G BE g o KRR

JE bR Y GG B 35 R AR .
2.4 HELSCIG

R T RS TS 4 B R XS RG B Y
YGG BB AT L0 25 RN K 3. Ik
SETLLE Y, BN 51 5 R 4% B 8 7 AR ] (RS 1
BEM T T HERE AR A BT HE T Horh 7E o5 B
FLYGG,  YGG, VL K58 YGG B CT-
DEr-D 48 #5 23 5l $2 7+ 1 12.2%.5.9% LA &
10.1% 5 7€ c40 B dE I+, YGGy,,, . YGGy,.. VA B 58
HYGGHEAY) CIDEr-D 845 73 5l 5+ 17 7.2 % .
T6% UK T2, THRY RG] T M 46
0% A 230 b 4 v 45 Y RO B, £ 75 485 AL T A i

R3 HMXWER
Table 3 Ablation results
BLEU-1 METEOR CIDEr-D
WRES
cd c40 co c40 cd c40
YGG,,(—GN) 80.2 92.3 26.7 37.1 121.7 127.2
YGG,,(+GN) 81.7 955 28.7 39.1 133.9 1344
YGG,,...—GN) 80.9 947 274 38.6 126.8 127.6
YGG,,(+GN) 82.0 96.3 29.1 40.5 132.7 135.2
YGG(—GN) 82.3 96.1 28.7 38.4 129.4 134.9
YGG(+GN) 83.1 97.2 30.5 40.5 139.5 142.1

51 0 28 e — s AR b SE BT IR TE R B S T, A A R A R AR AT 5 B X IRAR R R (R X 5
TP PEME RN, PG AN 6] 6 52 1 B 43 A 15 B AR 181 5 BT 7, B T 38 147 9 YGG BERL 7y BU AL, 26 2
TN FLSE TR AU o nT LA M, 51 000 46 o A K PRI A5 04 8 1 /s 60 1 052 L 491, O EL B 88 vk 3t
25T 25 L BE RN R DL R AR X R W] 5] 5 0 4% BLAT A ) AR 23 BC RE

Child/anasaiasnd 0'230.32 ' B | | a
Boy/lunch/school/desk 0372 | | 0'2(6).27 | | 0'3(2).3 3 I I 062;1
Person/jacket/laptop/woman 001 ;7 I l 0(}52 1 l I 8;2 I I 03 3'3
Cat/kitchen//floor/shoe/ground 001 fg l I 0.16 | I 0z 02 | 01 50 '44| |0.27 0.7
Elephant/tree (? :24 I | (? 5586
Jockey/man/horse/filed - 0'02';9 | 0528 || 0.170.26| I 0'280.17
011 012 013 0.I4 015 016 017 OI.8 019 l.IO
Weight

K5 YGG 3 Be AL AL AL /)% L

Fig.5 Comparison between assigned weight and real weight of YGG model
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2.5 EMSH

6 s 1 LA BAK I 75 1], A s A 458 B b A DU JS 1 TT 4 A T 38 4 1 S O6 R IR DA R AR
W o WA LLE H, YGG A fE % 7= 4 “packed in”“written on”“looking at” fil“on top of "% & 7415 X
KA XGRSO RIATH S 77 AR T R P REE A . BT MSCOCO $udh 45 1Y 18118 7 3 4 L
RN R 4 TR o YGG BRI AT LAAR 7 iy 4 Hh IR b (8 56 G2, O v R X0 G R AIE , Qi €, vk 31 AR

=
[~
4

A city street with one old A person holding a rainbow A horse pulling a large carriage
Pickup truck parked in Colored umbrella with words Down the street with several people
A building with a gold dome Written on it On the carriage

Reaching out

A person reaching out A group of people riding A group of women looking at
To pet a horse Skis on top of a ski slope A display of baked goods that is

Outside under a pavilion
FI6  YGG BRI B — S8 5 55 7m 1]
Fig.6 Several image captioning examples generated by YGG model
R4 ERFESEXFENANE

Table 4 Comparison of generated caption with real caption

HLTFH T i

A little boy holding a banana in his hands A little child holding a banana on her hand ~ 0.866

L A group of people were skiing in the snow
People were skiing in the snow ) ) 0.743
with skis

White and black goats standing and sitting in

! Two goats standing in a grassy field 0.786

A grassy field
A person in a black jacket is on a white laptop A woman wearing a jacket is on a laptop 0.795
A pretty young lady holding up a pizza Two young people holding up a pizza 0.823

The man is playing a game of tennis . . )
) A man is playing tennis on the playground  0.851
On the court

A black cat laying on a kitchen floor next to A black cat lying on the ground next to black 0.824
A pair of black shoes shoes .

An elephant pushing up against a tree trunk An elephant is hitting a tree 0.782

A jockey riding a horse on a horse track A man riding a horse on the grass field 0.829




218 R E B L Journal of Data Acquisition and Processing Vol. 38, No. 1, 2023

W5 o A2 BRI B OF B IR A TR I R R L AT S FARIE S RO R . LSS 6 SR IEIR M ], YGG RERE
FEAL T B R B O BT A R 5

3 S5RIE

AR SCHRE T — o P 0 5 R | o 4% 14 PG 2 O DL B G s T AL A R TR
G Z B TF AR A i 23 18] 57 B A SCIET R FAR D [ BRI 28 9 2 A i A, I 8 o 51 5 I 28 i A
F GRU AR s AL vh Ay By i A1) A= i 78 MSCOCO FUSEHRE B - A9 06 552 56 0 11 il 52 6 25 SR R WY, A SC
$& A Y GG RS BEVE 6 M AR IR 7 5E o Rk AT AT AR RS 280 v S m T 25 0 HIL A R i B 4 T )
PG AR S, DT 3R MR 6 A L5 37 () S 4 0 42 1 R A0 25 A6 TR K00 s O8I 190 22 A8 28 1 O 268 245 4, A
732 — 20§ T 5 %8 A i RE

S E 3k

[1]  RENNIE SJ, MARCHERET E, MROUEH Y, et al. Self-critical sequence training for image captioning[C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2017: 7008-7024.

(2] BB, SR AEA B BB, AF . — AR T LSTM-RNN B W IR % 75 8% 35 5 5 0% 0 501k (0] B R 48 5 4b 3, 2019, 34(4):
615-624.

ZHENG Changyan, ZHANG Xiongwei, CAO Tieyong, et al. A blind enhancement algorithm for throat microphone speech
based on LSTM recurrent neural networks[J]. Journal of Data Acquisition and Processing, 2019,34(4): 615-624.

[3] CHO K, VAN MERRIENBOER B, GULCEHRE C, et al. Learning phrase representations using RNN encoder-decoder for
statistical machine translation[C]//Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
[S.L]: IEEE, 2021: 4878-4886.

[4]  VINYALS O, TOSHEV A, BENGIO S, et al. Show and tell: A neural image caption generator[CJ]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2015: 3156-3164.

(5] MAOJ, XU W, YANG Y, et al. Deep captioning with multimodal recurrent neural networks (m-RNN)[C]//Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2014: 2984-2998.

[6] LUJ, XIONG C, PARIKH D, et al. Knowing when to look: Adaptive attention via a visual sentinel for image captioning[C]//
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. [S.L.]: IEEE, 2017: 375-383.

[7]  YOU Q, JIN H, WANG Z, et al. Image captioning with semantic attention[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2016: 4651-4659.

[8] LIUS, ZHU Z, YE N, et al. Improved image captioning via policy gradient optimization of spider[C]//Proceedings of the
IEEE International Conference on Computer Vision. [S.1.]: IEEE, 2017: 873-881.

[9] ZHU X, WANG W, GUO L, et al. AutoCaption: Image captioning with neural architecture search[C]//Proceedings of the
IEEE/CVF International Conference on Computer Vision. [S.1.]: IEEE, 2020: 1235-1248.

[10] PAN Y, YAO T, LI Y, et al. X-linear attention networks for image captioning[C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2020: 10971-10980.

[11] XU T, ZHANG P, HUANG Q, et al. Atingan: Fine-grained text to image generation with attentional generative adversarial
networks[C]//Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2018: 1316-
1324.

[12] JOHNSON J, GUPTA A, LI F F. Image generation from scene graphs[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2018: 1219-1228.

[13] ZEGKT, Wk i 2 I8 25 90 3 A% TR (N BIF 90 o e B BT 25238 [T, 713 HL A 41, 2021, 44(6): 1258-1286.

LI Jianing, TIAN Yonghong. Recent advances in neuromorphic vision sensors: A survey[J]. Chinese Journal of Computers,
2021,44(6): 1258-1286.
[14] DAI B, ZHANG Y, LIN D. Detecting visual relationships with deep relational networks[C]//Proceedings of the IEEE



HEA FATEAMNZME RG] 5o 26 BT R A REE 219

Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2017: 3076-3086.

[15] LIY, OUYANG W, ZHOU B, et al. Scene graph generation from objects, phrases and region captions[C]//Proceedings of
the IEEE International Conference on Computer Vision. [S.1.]: IEEE, 2017: 1261-1270.

[16] LU C, KRISHNA R, BERNSTEIN M, et al. Visual relationship detection with language priors[C]//Proceedings of European
Conference on Computer Vision. [S.1.]: Springer, 2016: 852-869.

[17] XU D, ZHU Y, CHOY C B, et al. Scene graph generation by iterative message passing[C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2017: 5410-5419.

[18] YAO T, PANY, LIY, etal. Exploring visual relationship for image captioning[C]//Proceedings of the European Conference
on Computer Vision (ECCV). [S.1.]: [s.n.],2018: 684-699.

(19] mhakfe  Jrmt i X LL 45 B 1 2 245 (8] B AIRRAE G i IS 1R 5k (0], Blcdl R 4 5 40 38, 2016, 31(1): 102-107.
YE Jihua, WAN Yejing, LIU Changhong, et al. Face recognition algorithm of feature fusion based on multi-subspaces direct
sum([J]. Journal of Data Acquisition and Processing, 2016,31(1): 102-107.

[20] GE H, YAN Z, ZHANG K, et al. Exploring overall contextual information for image captioning in human-like cognitive style
[C]//Proceedings of the IEEE/CVF International Conference on Computer Vision. [S.1.]: IEEE, 2019: 1754-1763.

[21] GUO L, LIU J, ZHU X, et al. Normalized and geometry-aware self-attention network for image captioning[C]//Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2020: 10327-10336.

[22] ZHANG P, LI X, HU X, et al. Vinvl: Revisiting visual representations in vision-language models[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. [S.1.]: IEEE, 2021: 5579-5588.

[23] LUO Y, JI J, SUN X, et al. Dual-level collaborative transformer for image captioning[CJ//Proceedings of the AAAI
Conference on Artificial Intelligence. [S.1.]: AAAT, 2021, 35(3): 2286-2293.

[24] GU J, CATJ, WANG G, et al. Stack-captioning: Coarse-to-fine learning for image captioning[C]//Proceedings of the AAAI
Conference on Artificial Intelligence. [S.1.]: AAAT, 2018.

fEE BT

Z=RBA(1997-)  BIE1EE . ),
BB 5E A BIFSE 5 1) < R
2] LA 2 E-mail:
muzilil212@163.com

BEEF(1968-), %, 1,
BB WESE 5 s A
REERITSIF L ANTH
e & BCHE Bl %, E - mail:

tonggx@usst.edu.cn,

(mEF. T %)



