AL LS K R DOI: 10.7544/issn1000-1239.202220019
Journal of Computer Research and Development 60(11): 26112623, 2023

—MEEEREEERNXRAEANE

IXE K F NEET HEE mnid
(FEIF R ENL2EBE REE 300350)

(guowenya@dbis.nankai.edu.cn)

Relationship Aggregation Network for Referring Expression Comprehension

Guo Wenya, Zhang Ying, Liu Shengzhe, Yang Jufeng, and Yuan Xiaojie
(College of Computer Science, Nankai University, Tianjin 300350)

Abstract In this paper, we focus on the task of referring expression comprehension (REC), which aims to locate the
corresponding regions in images referred by expressions. One of the main challenges is to visually ground the object
relationships described by the input expressions. The existing mainstream methods mainly score objects based on their
visual attributes and the relationships with other objects, and the object with the highest score is predicted as the
referred region. However, these methods tend to only consider the relationships between the current evaluated region
and its surroundings, but ignore the informative interactions among the multiple surrounding regions, which are
important for matching the input expressions and visual content in image. To address this issue, we propose a
relationship aggregation network (RAN) to construct comprehensive relationships and then aggregate them to predict
the referred region. Specifically, we construct both the two kinds of aforementioned relationships based on graph
attention networks. Then, the relationships most relevant to the input expression are selected and aggregated with a
cross-modality attention mechanism. Finally, we compute the matching scores according to the aggregated features,
based on which we predict the referred regions. Additionally, we improve the existing erase strategies in REC by
erasing some continuous words to encourage the model find and use more clues. Extensive experiments on three
widely-used benchmark datasets demonstrate the superiority of the proposed method.
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Fig. 1 Illustration of relationship aggregation in REC
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Fig. 2 Illustration of RAN
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Fig. 3 Illustration of Liu et al’s and our erase strategies
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I Al I AR 2 ] A 4 (5K 3 43 1 S5 50 12 5 SO
(1] ARTR], PRI 35 A 7 52 90 98 43 R AT 5 2 901 ) . 7R 4K
it B Ak T Ak B A, 5 SCHR (1] AH TR, AR SCR RS bR
TEYROR 8 B2 3 A4 J i, 6 1 o 1) SR 3] 500 m
W R B — AU SR R B, Sy i B ) IR 3k
1 R ORI AR 8 Ol 5, X T AIBLER S 5 A
LR SC R B, 4 O 1) B AT AN 5T A I 1 1)
] 8 4k B d,=300, 4l B I 4 AE B9 XLTE] LSTM AY [
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Table 1 Comparison with the State-of-the-Art Methods for REC Based on Ground-truth Regions
1 5UENETEEXREBMNIERGIZERT LN %
RefCOCO RefCOCO+ RefCOCOg
itk REAEAM IR 9 245
val testA testB val testA testB val* val test
MM VGG16 71.72 71.09 58.42 51.23 62.14
visdif®" VGG16 67.57 71.19 52.44 4751 59.25
visdif-MMI*! VGG16 73.98 76.59 59.17 55.62 64.02
NegBag™” VGG16 76.90 75.6 78.00 68.40
Speaker™ VGG16 79.56 78.95 80.22 62.26 64.6 59.62 72.63
At VGG19 78.85 78.07 61.47 57.22 69.83
Ve VGG16 78.98 82.39 62.56 62.9 73.98
A-ATT™ VGG16 81.27 81.17 80.01 65.56 68.76 60.63 73.18
MattNet"! VGG16 80.94 79.99 82.3 63.07 65.04 61.77 73.08 73.04 72.79
CMRIN"™! VGG16 84.02 84.51 82.59 71.46 75.38 64.74 76.16 76.25
DGA!"" VGG16 83.73 83.56 82.51 68.99 7272 62.98 75.76 75.79
LGRANs"" VGG16 82.00 81.20 84.00 66.6 67.6 65.5 75.4 74.7
MattNet"! ResNet101 85.65 85.26 84.57 71.01 75.13 66.17 78.1 78.12
CM-At™ ResNet101 86.23 86.57 85.36 72.36 74.64 67.07 78.68 78.58
CM-Att-Erase!"” ResNet101 87.47 88.12 86.32 73.74 77.58 68.85 80.23 80.37
CMRIN™! ResNet101 86.99 87.63 84.73 75.52 80.93 68.99 80.45 80.66
NMTREE"™" ResNet101 85.65 85.63 85.08 72.84 75.74 67.62 78.03 78.57 78.21
SGMN!" ResNet101 86.67 85.36 78.66 69.77 81.42
Zhang % N ResNet101 85.81 86.38 84.5 72.48 75.85 67.14 79.74 79.32
DGA!"" ResNet101 86.34 86.64 84.79 73.56 78.31 68.15 80.21 80.26
RAN (A3() ResNet101 87.92 88.77 87.16 74.67 78.92 69.94 80.90 81.85

TE: testA B4 X ARYBIEIIE, testB AEAHU IR HA X 5. BAIREUE IR T AH.

T 2 ) DL R 2 ek SRR e R A T AT, R
d, FRPL LB 512, A 3l A Adam 5075 % I ZRA 7Y
2% 2] % (1learning rate) # #] 17 £k 4 0.000 1. 7 3C 77 i
SEAEZ ML MattNet! ZERE b FEBRII 25 h, AR SCHY
BT A7 5256 ¥ 78 B 474 13 GB i NVIDIA 2080Ti & F
gy, Y gRsems S Liu 28 A" (AR, & e e IR
s I ZR 5 0 RAN AL (BT A B AL 91 25 15
A~ epoch), #R Ji5 768 Bk J5 09 BCHE i X I 25 B 1 A 7R
PEAT R0 (U112 30 4~ epoch) . & T B8 4 it 17 He 4
(T8 AR T8, A SCORE I B ) BT 4 B 1 1 2, B X
TREERT 3 MG, REZEEREIET R 2 A i,
33 EMB\EHESL

7 e B AVEE E, RAN by R il B — > o 3k
DX R YL T B3 DT TE 4 80, e % 16 496 DT TE 4 280 e 1 T
DX 38 A Sk 22 A0 30 A9 X 38, PP A 5 B Sk B L A SCE
FEF LA DS R I R XA 2 R SE S i E R S
A T AR R IR T R AT TR, LR A5 A 43 )
JEIRTEFR 1 3R 2 v, 7E T LS KB A S 46 v, ik

TE X 3>k H MSCOCO By J5 ih A 1, 1E B 1 X A &
TEAGEIE DX S, B, Y TE B A Xl g 3k R
AN BERIAS B T O 0 25 R 7R T AR I X Y
W, 53k X R F) A Faster R-CNN A 79 X 35,
A BE PR Y X B A S OB Y AR AE O
(intersection-over-union, IoU) K F 0.5 B, T A Sy 454 74
25 NI A AU IER Y.

mFEIMEF 2R, E2MERET, AW
kAT B T AR PERE. 1K I, L) ResNetl01
HEAitl 10 285 4 455 R0 4R v T L VGGNet Sy JE Rl 19 45 1)
AR 33K 156 B 5 KRR Al R T D B A
- b 3 A RN 2SR AE, AR T4 B I . 5 il
7 ¥ 5 B AL I £ MattNet ! AH LE, RAN {8 T i 6 7
HIXRRRE LR RBCE TN E, Ikt
BC 43850 5 208 1 05 SOAH Lo B R, DA T O
M X 3. B Ak, JE T B 25RO ik R T A X
BZ R 2 R R MRIE X Z R CHR, BACR
SR A T Y, {EL 2 PHLARR S SRt TN A2 4% 5 AR SCRY T Tk
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Table 2 Comparison with the State-of-the-Art Methods for REC Based on Automatically Detected Regions
%2 5UENETEIRIKIENIEREEERET AN %
RefCOCO RefCOCO+ RefCOCOg
Ik HHAIE
val testA testB val testA testB val* val test
MmI™ VGG16 64.90 54.51 54.03 4281 45.85
NegBag™” VGG16 58.60 56.40 39.50
CMN™ VGG16 71.03 65.77 54.32 47.76 57.47
Speaker'™” VGG16 72.88 63.43 60.43 48.74 59.51
Attr'®! VGG19 72.08 57.29 57.97 46.2 52.35
v VGG16 73.33 67.44 58.40 53.18 62.30
LGRANs"" VGG16 76.60 66.40 64.00 53.4 62.50
MattNet'" ResNet101 76.65 81.14 69.99 65.33 71.62 56.02 66.58 67.27
CM-Att-Erase"" ResNet101 78.35 83.14 71.32 68.09 73.65 58.03 67.99 68.67
NMTREE™ ResNet101 76.41 81.21 70.09 66.46 72.02 57.52 64.62 65.87 66.44
DGA"" ResNet101 78.42 65.53 69.07 51.99 63.28
Ref-NMS™ ResNet101 80.70 84.00 76.04 68.25 73.68 59.42 70.55 70.62
Sun A ResNet-101 7427 68.10 71.05 58.25 70.05
RCCF (*) & DLA-34 81.06 71.85 70.35 56.32 65.73
SSG (*) U Darknets3 76.51 67.5 62.14 4927 47.47 58.80
One-Stage (*) ™ Darknet53 72.05 74.81 67.59 55.72 60.37 48.54 48.14 59.03 58.70
ReSC (*) ¥ DarkNet53 76.59 78.22 73.25 63.23 66.64 55.53 60.96 64.87 64.87
MCN (*) B DarkNet-53 80.08 82.29 74.98 67.16 72.86 57.31 66.46 66.00
LBYLNet (*) ©" DarkNet-53 79.67 82.91 74.15 68.64 73.38 59.49 62.70
RAN (Z30) ResNet101 78.97 83.76 72.13 68.84 7428 58.63 68.45 69.77
RAN+Ref-NMS ( A3 ) ResNet101 80.96 84.16 76.21 69.72 74.66 59.69 71.16 70.79

TE: testA 85 EEEX AREIEIIE, testB R IRHAXT L.

R pE e 16 DX B 5 ARl 2z [ iy A G &R R T
AN B A8 R, i R G T A RUE B
5 Ak Ref-NMSH S — b &1 XiF ] $7 $& 119 % 35 49 1A T 36k
D5 ¥, AT LA A A A 5L TR D i S g i v, ol
THEACP M R, A SC A I AE T RAN Y, Gk 2
FoR, ASCH) IR B T R AERRCR.
34 BEREEBEHEER

AICFEFR 3T IR T RANTE 48 18 5 i 4 &
(referring expression segmentation, RES) "> vt fity 4% 5
5 yu AN —8, AT e VIR 9 RAN 4528 iy
HB 5 AR T G i 43 e R 1 X, SR AR SO
T Ay DB A R S A B EL A SCfit ] P@o.5
NS I L (ToU) /E g P-4 48 B . P@0.5 27 L 1Y) 45
PELE 7 B 5 B S o B A2 IR e 220k 0.5.
Wk 3 s, 5 J7 AR, A SCER Y RANTE 2
VU FE AR T ER IS TR A I ROR.
3.5 HEEKR

ARATHAT T — FR G Rl 5 DL B A SOy v

COPRERMAB B, EHEM RGP E e . IR B R R IR L (A

R H A B, AHOCZE R L3 4, T RefCOCO+
H1 RefCOCOg iX 2 ™ B 4H 4 1 55 45 245 2t 525 U,
Fe4h HEIR T K A RefCOCO Ui 48 i 25 5. A 3
R L R ASE TR JE: MattNet!, B 60 7 S0, 37 B R OC FR A5
B, B AR DT I 3 B0 AR 5 PR R 3R 08 5
fE 1 2 42 S T3, “RC7JE 3.2 TP R i 56 R 4
HBLHL, “RA”IE 3379 P TR 1Y OC R B A R,
“Erase” N 3.6 5 H i B B9 BB 5 0k . N R X" FoR
HH I B H R 5 A Bl “RC-17 R FEHEAT C R
FEER, R 8 BRSOk R “Erase-117 #R fiff
FH Liu %5 A" 42 4 5k 28, B4 o B BR AR fi
FHY 1 BA0A]; “Erase-$37 2% 78 482 5% 5 18] 19 A B0
BRI RRCR. R Aah s AT AR
RAN f 805, A B 2% [ T SOk 5¢ R A B SCy
TRZ IR 56 &, FEBERR 12 i v fie 2488 Bk 2 A B
M 4T LIS 3 44518 1) “RC-17 /UK W 4f-
TREZRIAY, ULIH T = I WL #E REC Th2 A Y. 2)
M TR % T 24 B SOk m A R R R
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Table3 Comparison with the State-of-the-Art RES Methods
*3 5UEMNEREESEFENLRE %
-~ B ) RefCOCO RefCOCO+ RefCOCOg
BEEi=t 7 ik
val testA testB val testA testB val test
D+RMI+DCRF"* 42.99 42.99 44.99 20.52 21.22 20.78
MattNet!"! 75.16 79.55 68.87 64.11 70.12 54.82 64.48 65.60
P@0.5 Chain®™ 73.36 77.55 67.30 61.60 67.15 5224 59.64 60.29
NMTREE"" 74.71 79.71 68.93 65.06 70.24 56.15 63.77 64.63
RAN (A3C) 76.76 81.23 70.17 65.28 70.75 56.65 65.34 66.72
D+RMI+DCRF"™ 45.18 45.69 45.57 29.86 30.48 29.50
MattNet'"! 56.51 62.37 51.70 46.67 52.39 40.08 47.64 48.61
ToU Chain"*! 55.29 60.99 51.36 44.74 49.83 38.50 42.55 43.99
NMTREE"™" 56.59 63.02 52.06 47.40 53.01 41.56 46.59 47.88
RAN (A3C) 58.16 64.39 53.18 48.10 53.15 41.63 47.98 49.32
T BRSO R R
Table 4 Results of Ablation Study on RefCOCO Dataset 88.0
# 4 RefCOCO HIBRERYRLINER 87.9 1
87.8 |
RC RA Erase val testA testB 87.7 t
x x x 85.69 85.30 85.04 5 87.6 |
E 875t
1 \ x 86.20 86.57 85.29 # ooyl
v N x 86.72 86.99 86.01 873 |
87.2
.
v \/ 11 87.51 88.29 86.50 471 |
N «/ 13 87.47 88.43 86.69 87.0
0.1 02 03 04 05 06 07 08 09
v \/ N 87.92 88.77 87.16 o

e VAT F R AR R BUR A AT BT, 7 R AR R i Jr =X

SCABEE DG R, [ Bl FH G 3R 4 AR R O 3R R G A
Yt — b4 THERE. 3) Wk 4 i Jm 3T R, HH
fiby 2 A 82 B 5 2R Lb, A SR 48 o O W AT LR 4 i
DR AL | e TR 2 A5 5L, DT B R A A RUR AR
XFF Liu 258 A" A48 55 7 3K, AR SCHY J7 125 0 i 5 2K i
PR TR AE — AR BE R IR s S R 0 B R B
Ny 3, B ) SRR T 4, T 2 AR Y
R D, R T R RN I BOR , IE R A, A
S PRS2 5038 4 44 5 ok B ] 1 e R A BORR ) A 2.
3.6 SEHBRESH

AR T HEBR AR 2 A B R A Y A T S8
o X TR R SC IS AR B R L K 4R T Y ol
0.1~0.9 i} RAN 7E RefCOCO |- it 1 i 5 (19 28 Ak 175 B
WME 4R, 24 =05 Wt & HAE =1 - a)x
0.5 Hif, A5 70 2 S g PR OGS SCHL AR 4 S 3 v o 1Y
EH#R B E R 0.5,

T o A 2 DR 5 W, fE— 2
BE EARER T SO R AU R A S A 2 A R S e

B
)2

Fig.4 Performance on the validation split of RefCOCO when

o is set as different values

B 4 o8 NARFILEE RefCOCO 5 IF AR

T R ACER . Y AN [R] B R I S 2 A HL )
HB AT HC T B WA, BT 2 A B KRR B A
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PR T 2 2 A LR T SO T M A R, [ e 4R
5% 2 A4~ B m) i B b B, X R R Y O 4 T
i R, — 7 R AL R B 2 AR R, 51—
J7 THT U A BB 23 52 W) 55 20 XoF 1 3% /> i 1 174 B A DA 1T PR
AR AR A RO T o (A3 R I RIS G A R, 0=0.5 1A
SR 2 R AT, B EA R AERUR.
37 EH4ER

ARSCAEE S R AE T e AR, B RN T 2R H
F14) i 126 DX I8 1 0 o 1 3 ) 85 2R LA R o) ) 485 2R Tt ik
R BRSO 5 147 /2 MattNet! 25 5, 5 2
7/ ASC RAN 4551 % T &1 5(a) 1Y 75 ], ik 4 A 7Y
H RAN # B8 AR 48 A 1 v 1 3R i W) R 00 AL s P15 R
FRF 1E A 1 DX AR T 5] 5(b) Hr By R ], A
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(b) A

kid in black man in black on the bike

red guy on the left next to 3 others

y e 0

@ fiA:

man standing alone

(c) %iN:

TE: BPSCZAE N R AR 23 A QR AL A B B 25 SRR TR B 4528, RS AR G5 2R B ST mk A iy T SC X,

Fig. 5 Visualization of MattNet" and RAN on RefCOCO dataset
K5 MattNet" il RAN 7E RefCOCO Hirajai 8 i Tl 25 51 T ik,
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AR, 223K 7850 BRAR 22 A XT G Z A 6 2R, 4% 31 1F 1
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&6 JE/R T — S R W ZE ). BT A B SO A i
FAL B8 N 25 Z 8] A2 70 1 SO, AR MEFE BZ o HE i
RWEF LR E 6 Fran, H AR TES 2 1
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Fig. 6 Failure cases
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