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Dense Captioning Method Based on Multi-attention Structure
LIU Qing-Ru“®> LI Gang"? ZHAO Chuang"? GU Guang-Hua"? ZHAO Yao®

Abstract Dense captioning aims to provide detailed description sentences for complex scenes. Although the exist-
ing research methods have achieved good results, there are still the following two problems: 1) Most methods only
focus on the deep semantic information extracted by the network, and fail to effectively utilize the geometric in-
formation in the shallow visual features. 2) Existing methods are dedicated to improving the extraction of contextu-
al information between regions of interest, but the spatial location information of objects in images cannot be well
represented. To solve the above problems, this paper proposes a dense captioning generation method based on mul-
tiple attention structure-encoder decoder (MAS-ED). MAS-ED effectively integrates image features of multiple res-
olution scales through a multi-scale feature loop fusion (MFLF) mechanism, and designs a multi-branch spatial step
attention (MSSA) at the decoding end to capture the spatial relationship between objects in the image, this enables
the method model to generate more accurate dense description text. In this paper, MAS-ED is evaluated on the
Visual Genome dataset. The experimental results show that MAS-ED can significantly improve the accuracy of
dense captions, and can adaptively add geometric information and spatial location information to the text. Based on
the long-short term memory (LSTM) decoding network framework, the performance of the MAS-ED method in this
paper outperforms all baseline methods in mainstream evaluation indicators.

Key words Dense captioning, multi-attention structure, multi-scale feature loop fusion (MFLF), multi-branch spa-
tial step attention (MSSA)
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Fig.1 Dense captioning method based on multi-attention structure
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Multi-scale feature loop fusion mechanism
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Fig.4  Multi-branch spatial step attention module
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Transformer®. 5 3 4~ LSTM W& AH L, Trans-
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1R, BP0 V1.0 #dE4E, 5 FCLN AHLEL, MAS-
ED /) mAP MERE T 98.01%, M HEHRTHIH &
5 T-LSTM 1 COCG #tt, MAS-ED ] mAP %
T T 14.64% F 8.76%. HT T-LSTM 1 COCG
PR 8 1 F B S0fE B et M MAS-ED A
X RER) LR SCRR, A MR & R RRE A2 [A]
RE K ZR, FroAAS mAP YERERRIA SR T, 5
St CAG-Net J7iEMILE, NAF I, MAS-ED
A ResNet-152 M5 H VGG16 M4, H
mAP PRI T 1.55%. X%, MAS-ED 1t T
CAG-Net. &% V1.2 4, MAS-ED 4% #¢ [F ££
TR T, 5ot COCG Mitk, MAS-ED
KIFT 6.26% ITEREILA.

* 2 frn AT Transformer AL ZEHELE R
FIRERIVERE. & 2 AT L, MAS-ED 7%/ mAP
SMEMRT TDC J7id:, £ V1.2 B4 E mAP 701
IEE] T 11.04; 5 TDC + ROCSU #AYAHEL, MAS-
ED RERSZ. {H TDC + ROCSU R IL T J &
7T MAS-ED. BARSKRBE, TDC + ROCSU 7Y
1% Transformer 1E 475 Rt 25, 1A SCik A
LSTM %%, 1 B hn -5 &M S 5 Eim i K

® 1 ET LSTM ffRY M 2% SRR 5L mAP VERE
Table 1 mAP performance of dense caption algorithms

based on LSTM decoding network

R V1.0 V1.2
FCLN!s 5.39 5.16
T-LSTM!" 9.31 9.96
ImgG™ 9.25 9.68
cocDM 9.36 9.75
feleleleln 9.82 10.39
CAG-Net!™ 10.51 -
MAS-ED 10.68 11.04

2 FETAR LSTM f#at i 45 2 SR A 572 mAP 1 fE

Table 2 mAP performance of dense caption algorithms
based on non-LSTM decoding network
T V1.0 V1.2
TDC 10.64 10.33
TDC + ROCSU 11.49 11.90
MAS-ED 10.68 11.04

TJa%; Hix, TDC + ROCSU #AAEfF A ROCSU
REPSREL LR ST, #7028 AN BEBEAT on-line I
g5, Tk LB M 2% 13 B Il 2%, T MAS-ED
Hn) S H i 2 2% Ak fJE, TDC + ROC-
SU 077 T 3R BUHE A I SCARSEIE, 117 MAS-ED AMY
% FESUA A A, 3 B B SCAS IS in L AT 248
TN E R R, £ @R LN T SORK)
=L FrUAAHEET TDC + ROCSU #AY, A3CT53%
MAS-ED HER 2 AR, w2 oAt HLRESR i 3C
AEEE.

2.4 ERhsCIS

ASCILSRI T = b I T R A5 R I S S A AR
1) 2 RERHE BR&8Y (MFLF-ED), 1§ H
TR R E M2 IR E R R E A B, HARE =2
LSTM fifghith; 2) 2293 343 (8] 73 i B AL (MSSA-
ED), {0 ff IR ZE M4 FREE AL AE 2, HZ 7
XA B A3 B IR AR 3) £ R R A AR
A (MAS-ED), R %2 M 48 A R AE 1R N
MAAE B, B2 5 3028 B 3 20 1 5 1 R AD 48 D
NIAE A A R, EM RS AT, A
SCWE T IR 3 BRI LS.

HH 3 TI R0, FEPAPASIA 45 HEZE TR ) MSSA-
ED A MFLF-ED #8194 RE R B T2 4k
B X R IR E A5 2R S (a4 B B R T
UG BB R, 4h, MSSA-ED #i #1352 Lt MFLF-
ED BRI EN. X Z K ATE MSSA g2+,
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Table 3 mAP performance of dense caption ﬁ‘ﬁ}i, T TUART V7 R0 AE S R R B i 2 . B UV

models on VG dataset A 4 FiL: C4-C2, C4-C3 & €3-C2, C4-C2+(C3-

i VGG16 ResNet-152 (2), C4-C2+(C4-C3 & C3-C2), [AFE LT AE C2-

Baseline!” 931 9.96 C4, C2-C3 & C3-C4, C2-C4+(C3-C4) F1 C2-

MFLF-ED 10.29 10.65 C4—|—(02—C3 & 03_04). ZIKIH%N\/)E%?EEE%JE

MBSA-ED 1042 T ] H FRFIEJZ 1 23 3C (I C4-C2) FRON B 1A 43
MAS-ED 10.68 11.04

SSA B I b — A0 #% 10 B A e § N —
filh 45 B4 BRL 3R] AR B ABEEA A AN SRR AR SN, BT
DL MSSA-ED #8 k 1 a] SREC AR 1 2% 8] 47 B 15
BB — R BRI 7R RE X3 E R
A5 B, 1 MFLF-ED BRI A MFLF HL#|
KA 2 RERHE, ) LA{E S, Bl ANE
P ARG I K RT3 0 K H AR B 40 BRI G X
M5, MSSA-ED LAY () et TR BN 2 o, Sl
R

AN, MAS-ED #5814 GEAR T P9 A~ B s 7Y
XA FNTE MAS-ED A1 ZRid f2 4, MSSA fi#
T 38 R A AR FE AL, fR A8 MELF HLai A W7 i 5
FLBE Rl A R PR SUE B UG B S 5 Hepl),
[ B, MEFLF AL e ik 32 g0 i il & 4 1E, k4 B
MSSA fiffith 2% ) e K AT B b 3R HY X 3 54k (] F) 2 1]
PERR. BJa, HE 3 AT, 2T ResNet-152 [
“ANEREE R M RELL IS T VGG16 AL, i
BT AL 75 22 B A TUAT 4015 [13% B RHIE, 1
T BT T E R SUUR I RHIE, AT IE B AR SR
TR ETR 2 M 4 ResNet-152 1F 4R EHE LR 2% 1) 1F
.

24.1 MFLF-ED

J9ERZ MFLF AL B Se o7 2, At
T AN TR SRR JLAR] S 2H A TR M RE X LSRG
SEUG AR AN 4 o, © MFLF FLE A 40, 38 SUR
IREEE 2 BRI ) C4 2, PLRIE S I8 X
5 AT AR R RRAE L 3 B RREJZ SR S AR Y
C2 2, DLHHERE 5 1 L AR 40755 v iR 1a) = J2 R AiE

* 4

S, TR g 2 HAMARRAE 2 (4 73 3C (B C4-C3 & C3-
C2) FRAIZ R 53 3.

B2 4 AT, Y5 SCRR LT8R A
BRI 1A 43 5 [C4-C2]+[C2-C4] B, HbEfE (10.530)
T W9 5 35K H 3258 R A 43 3 [C4-C3 & C3-
C2]+ [C2-C3 & C3-C4](10.349), EL T H & HIK
F i 1) 73 SR BRI R 3 3¢ [C4-C24-(C4-C3 &
(03-C2)]+[C2-C4+(C2-C3 & C3-C4)](7.704). X2
FH T LR 7 5 4 T Al DR SRR AE RS 2 e B RN
H REAE P, 1752 S 1) 45 4 2 i A R B k. ik
b, 5 [F A P AR 45 M 3R AT A5 B AR, T E R
SR 2 BEONIUAR, 2iE O E S Bk,
iV RE R I B 72

21 SRV LA S8 306 FH B 2% BLBEIAL [v) 73 SR
AT IR Z R 4> X [C4-C2+(C3-C2)]+[C2-C4+
(C3-C4)] B, HAERHERE (10.504) BT 2ER
[ 45 A BN (10.349), {HZ5 T B H IR i) 45 F A5 24
(10.530). At — L HE @A ERE, A SCiE#FES %
FEVE SCIRUA AT AC B . 415 SCRUE F BRI ) 43
3C, T UART It ae F B R AT 16 73 SRR 7038 2 L 1) 73
W [C4-C2)4[C2-C4+(C3-C4)] i, HAR A fE 5%
Z2(9.727). T 2418 SO L F BB ) 43 ORI 4318
BRI 43 3, JUAT L F BRI A 43 32 [C4-C2+
(C3-C2)]4[C2-C4] Iy, HAMERE (10.654) ZALT
HER A S5 (10.530).

BRuLZAb, i3k 4 ol 2 78R T R, C4 B
MR E UEE 2T C3 2, C2 B U4
Bl C3 )22, Mi#t—SUE T MFLF ALK
C4 JZH C2 ZERIFFFAEZ A H HIRFIEZ 10 IE .

%E I, [C4-C2+(C3-C2)]4-[C2-C4] & MFLF #l

RIS B mAP M A LR

Table 4 Comparison of mAP performance of different branch combination models
N JUfTR
2-C4 C2-03 & C3-C4 (2-C4 + (C3-C4) 02-C4 + (C2-C3 & C3-C4)
C3-C2 9.924 10.245 10.268 7.122
C4-C2 10.530 10.371 9.727 8.305
C4-C3 & C3-C2 10.125 10.349 10.474 10.299
C4-C2+(C3-C2) 10.654 10.420 10.504 10.230
C4-C2+(C4-C3&C3-C2) 10.159 10.242 10.094 7.704
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Hl R H &7 AT EINEM, A SCH & AR
FIHR g5 AT AL W 5 B, 2418 U LT
51K L2000 ) 2R 20 I ) LI B S BN, el T
FRIUH, BRI EHEMNELEED, L2 B AR
HE, I “A shelf of a shelf”. 4 Fl R B R M)
BRI N, T A oS S SO LS A B
T, W “wood” Ml “yellow”. B W 4% 25 ) AW L
b, A B A EE E B A, W “kitchen room”,
JUTE B INEAR, W “many items”.

2.4.2 MSSA-ED

1) SSA fidh. FEFAHFSLIR KM T, AR SCHERL
A MSSA-ED E%F SSA fdlerf | R4 it 477U
ST, LI EE RANEE 5 Fias. £ Up-ED FoR
A SSA A |37 B2k fe T B3] 78 4 AiF
Kl height 4 FE RN, J57% 18 width 4E%; Down-
ED M A$ A SSA #REL RS2 %, 4B AU T 5
TESAH . HHER 5 AT, AN B S BRI )k AR
FEARK, TR WS 6 1 MSSA-ED PEAEL T 4
B ST BRI I TR A R AN S ) R AN S TR 4E T
(height 4EFEAN width 4EFE) #HEAT AL &, HIAL
206 J WL 5o B 2R 1 RE S ) AN K, 8 N SRR
T3 B IR S fkAr AR (5 mT 3R A5 5 0 A 1)

T EER.

[(C4-C2)4+[CA-C3]+[C3-C2]
[C2-C4]+[C2-C3]+[C3-C4]: A large room.

B AL G 6 BT, Up-ED gt
M “sign” 5 “wall” ] /£ 4 % &, Down-ED I3
B H R “refrigerator” BRI R, 1M
MSSA-ED i@t f@ia A7 B 5 B A B BTG
B AR B S A

2) 253 SRR AR . AN SO BT bl Sk
TE 200 SRR 2R I SRR A, SREREE R LR 6. Hop
YRR R RN I — 2% A-LSTM il %, 4 b 25 HE W 52
M5 = RN, R 6 na, T =FAE SSA
LB P SRR P 1 AT O T S B AR AR R =5
PR X RS A-LSTM o Foil 8 1] i3k 47 52
B2 TE B 3o/ 3B AR R AN BB TE B AR AE (5 B
HERf 2 AL A H b T 2 SRR AL, B
P X 3843 KT, ABAE 2 B bR XS IR I, 20t B
KR BR, SER 205 B bRiE E SRR,

T MEM, K 73T MSSA-ED i =
ANTR] 37 AR )9 B BLEE AT ARk R S B A A
VON TR B S v i P T S 0 7 TR = 3 i
FERE, BN 7 S A58 Y T 5 A . e B i
TR AR AR B, TCVE R 2 E A,
=SB R H bRy AT R (B 2 H ARTE R
PR R AR T P S B AN 5 L AR DX s P 1Y
H bR, 3F H AT OB X3k P H b 8] i 2= 47 B G R

[C4-C2)+[C4-C3] +[C3-C2]
[C2-C4]+[C2-C3]+[C3-C4]: A shelf of a shelf.

]
]
[C4-C2] [C4-C2)
[C2-C4]+[C3-C4]: A large yellow room. [C2-C4]+[C3-C4]: A shelf in the wall.
[C4-C3]+[C3-C2] [C4-C3]+[C3-C2]
[C2-C3]+[C3-C4]: The scene is in a room. [C2-C3]+[C3-C4]: The shelf is made of wood.
[C4-C2]+[C3-C2] [C4-C2]+[C3-C2]
[C2-C4]+[C3-C4]: A large kitchen table in the room. [C2-C4]+[C3-C4]: A wooden shelf.
[C4-C2] [C4-C2]
[C2-C4]: The scene is in a large room. [C2-C4]: A shelf of a brown frame.
[C4-C2]+[C3-C2] [C4-C2]+[C3-C2]
[C2-C4]: The picture of large kitchen room. [C2-C4: A wooden shelf with many items.
K5 AFEDSCHEBRMEER AL (BT Bl <[] FRom1E G, Tl [ 3o JLATi)
Fig.5 Visualization of results of different semantic flow branching models (The upper “[]” of each line in the figure

represents the semantic flow, and the lower “[]” represents the geometric flow)
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Table 5 mAP performance of SSA module Table 6  Effects of different branch numbers on the
branch model performance of multi-branch decoders

Ay Up-ED Down-ED MSSA-ED LAY Lisas IS =3
mAP 10.751 10.779 10.867 Up-ED 10.043 10.751 10.571

Down-ED 10.168 10.779 10.686

MSSA-ED 10.347 10.867 10.638

Up-ED: A white sign on the wall.
Down-ED: The top of refrigerator.
MSSA-ED: White paper on top of refrigerator.

K16 SSA RSB RIR A 45 R AL
Fig.6  Visualization of results from the SSA module

branch model

2.5 AL

Tyt — P E MR IS AOR, K 8 45
T 2N EEMBEA N E R, BB R E
AR 13, MFLF-ED #78 a] DU HEAR A “bush”
1 “small” Al “green” @/ﬁ% “building” FA AL %

A7 The nose of

a zebra.

“bus” M “red” S50 TI (5, ¥LH] MFLF L]
RE BRI A U LAE B BHRE AR
fij B, LD AR AAR ] ()32 48 ¢ 2, MSSA-ED 1
TIEEE P 2R “building” S5HHY) “plants”.
B “trees” 5 K% “elephant” [B] 112 [A] 4 B R R,
UEBH MSSA fif il 25 5 o %5 42 4 IR SR HUA 20 hr B K
Z, HREZ JUA4ET5, £ FEF “bush” FI{E B3R
IR, SR T T2 1 “plant” KR IA; 1T MAS-ED
FERAL TR I HH EAR N “bush” Y “build-
ing” AL ASZZE “bus” B E. KNGS, T HIb e
—EFEE L REE R B SR S AL E R R,
i “side”, “behind” %%.
EHE%E’JE MAS-ED A5 8Y fy 55 A1) v
7 MSSA-ED Hf#] “growing on”i#)2H, IX##H “bush”
() —Fp A KRS, S R E R IR ) R R AR I . 2R
L, B R “beard man” WA AL T 3L U
BRI IXEEEARIL T MAS-ED J7 iR A% S H
RIEINEE R, AR AR R T 2 AR TE ).
RERRH, X TR HARA R4S (E R, 40 “build-

=7 #%: Black nose of
a zebra.

WisZ #%: Black nose of
a baby zebra.

(a) /N FUBR X IR A 14 e

) Model performance on small target regions

FS7 % The tree in
the background.

% HibrlE

WS The trees are
behind the zebra.

=37 8%: A tree in the
background.

(b) % H R X B0 B e

(b) Model performance on multi-target regions

7
Fig.7

TEEE AL

Attentional map visualization
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MFLF-ED: A small green bush.
MSSA-ED: Green plants growing on
the side of the building.
MAS-ED: A green bush growing on
the side of the building.
Small green bush on the
side of the building.

GT:

8
Fig.8

ing”, MAS-ED #8$5 ) T iZ KRB “red”
R “brick”. {H GT A1 MFLF-ED #8 ff) i A)
UREL T B IX — 4075, Kk “brick” & MAS-ED
T 38 LI T LA 4 s, Hoaz LA 40715 58 A7
SRRk, AN, MAS-ED i&—Ef8 8 Fin T
/NEFRR RS, W GT 1A RAAEIL “beard
man”. % H & MAS-ED BB ERGAREA b HiE
LB, I R P 8 TR 2w A X I b
HiX—Hix. o, B 8 a7 B R & £ F R 15 A
LT MAS-ED R A] 5 &M N AL B A5 B 76
ZTEF, MSSA-ED # A2 2] T “tress” 5
“elephant” [H] A B & R, {H MAS-ED #AY Hh#I K
RBL, T2 T “building” 5 “elephant” 8] {5
Z.XAHT MAS-ED BRI A5, A kFHhib
T O R H bR R EE R

3 g

AR T — M T 2 EERSE W RS EE
TR AL BT V5, ST IR M A 2 RO RRE R
RANA B, NSO IR N T BT B LS
B IR T 20 A E b E I ag A, Bn
SRR H AR S A B e R LIRS IR, £
T LSTM f# S M 8 HESE, A3 MAS-ED J7 11
Retl T HoAth 5 3% gk v
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