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Abstract: Current referring expression segmentation methods had key limitations. They showed spatial re-
dundancy in visual features. Language descriptions had referential ambiguity. Lexical-level semantics
were often ignored. Fusion modules failed to fully exploit text information. This paper proposed
fine-grained referring expression segmentation via bidirectional feature modulation and text-guided progres-
sive fusion (BEMPF ). Tt used a pre-trained BEIT3 as an image-text encoder. It designed a bidirectional
feature modulation module (BFMM ). BFMM used global features of one modality to modulate local fea-

tures of the other. This decoupled strategy suppressed noise before cross-modal interaction. Specifically,
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text-guided visual modulation filtered visual spatial redundancy. Vision-guided text modulation reduced
the weights of irrelevant words. Then a text-guided progressive fusion module (TPFM) was introduced.
TPFM embedded convolutions to compensate for the transformer’s local modeling. It re-injected text se-
mantics at multiple abstraction levels. It used multi-layer cross-modal attention to progressively fuse text
features with high-level image features. A multilayer perceptron finally produced the segmentation mask.
Experiments are conducted on three classic datasets. On RefCOCO, the method achieves 77.12%,
79.46% and 73.45% on val, testA and testB. On RefCOCO- , it reaches 69.72%, 72.86% and
62.42% on val, testA and testB. On RefCOCOg, it reaches 69.12% on val-u and 69.58% on test-u.
The proposed BEMPF has strong generalization. It enables fine-grained cross-modal alignment. It per-
forms robust referring expression segmentation.

Key words: referring expression segmentation; cross-modal alignment; bidirectional feature modulation;

text-guided progressive fusion; fine-grained understanding
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F .. = BilinearUp, . 4( Fd‘owm)

Fiion= Concat( Fue, Foup, Fupe ), (22)

Horr: BilinearUp () 7 2k H W 4 (H i 17 1
KA, Concar() R Pitk .

G S B AR AE B8 o 1< 1 4 FRUZ S o
BALTE G 1, 28 Sigmoid PTG eR A B i & 1R
RS FEB M0, 11" i EMR (%
AR E R T H AR X A

M= Sigmoid(()onle1(Ffusio,,) ) (23)

ER 2 RERS RS B AR X5 23K 5)
Tl A i S Y AT — BobE B R [ 4 2 IR
B 4R I DI ) EL D, S DA 4 S 1 SO Ao 3] J) 6 4
T AL B o R AR
3.5 MKEH

A SCHE A = o6 38 X 2K (Binary Cross-
Entropy, BCE) Fl Dice fit 2k % 14 1 48 18 3 18 73
FIAT 55 09 450 2% pR B, RIS R oy SR EIR P S
b DX 3 0% o A DG TG B, A 280 28 il 4y AT 55
149 288 S0l AN SF Ay 0] 8, LS RIS S M, T
W 43 ) HE T SR M, M, €40, 1} B9 15 76 4%
£ (i, j) A BIAR 2, M, €40, 1} %F 7 37 8 # T
DAL, DU 45 4R 2 38 43 1 0y B 400 % oR B8
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H(24) Fr 7

Liw=A*Lycr +(1—2)* Ly, (24)
Horbr Lo N B AN 28, 45055 1 ik
B A=0. 5 B W] S5 O A G 28 451 2K 1 R Ak s8R
Lyc A L 43 91 38 7% =90 28 XUJ #5825 Al Dice
Bk

4 FEoHT

AT PEM A 4 BEMPF £ 34D & g ik
VB AR B SE I SIS R 5k SN
M7 vk R AT 4 TR HE 56 UE AR SCOBE A Y 1 fE A
A5 [] AT 3 o 9 S 5 3 AT A A O B R A Akt
5SS A M PR I SOT Rz 1k
IR, 45 G T LAk 45 5 J3 A5 8L 1 400k 3 43 1
fie ).

4.1 BRRESEHIESE

A3 % A RefCOCO™ , RefCOCO+ 7", Ref-
COCOE™" 3k = A~ 28 B 1) 15 X 2 3 43 H1 B0 Hs 4 3k
175250, 3X 34 B 4 09 EHR 2 oR I T MSCO-
CO" H s 4 , B A HI N 1 A AR5 5 4R R A

RefCOCO™ H ¥l 45 A1 % 19 994 5K [&l 1& #1
142 210 /> Xf B SCAS $ 34, 8 55 29 50 000 > Xf 4
S B 4 SR DU ER 43, ol 2R 4E (train) A7
120 624 28 EHER SCAS XS (B0 ik 4 (val) 10 834 41
4 A X IR 4E A (testA) A 5 657 4 &4 3¢
ANF A B (testB) A 5 095 4 MG SCAR X .

RefCOCO+ """ #4844 % 19 992 7k K&
141 564 4> XF B SCA 38 | 1 55 29 49 856 X 4
SR SCAR IR N B At e . B A Ry
RefCOCO — &, Ho Il 41 4 (train) A 120 191 41
A% SCA X B HIE 4 (val) A 10 758 4 18 4% e A
S KA A (testA) A 5 726 4 K4 SCA X R
4E B(testB) A 4 899 4] 14 SCA X} .

RefCOCOg ™ $4 4E £ & 25 799 5k & F1
95 010 A~ X i SCASHE 34, T8 55 24 49 822 X 5 52
P AH SCAH R P 3K B KT RefCOCO H Ref-
COCO+ . % U # % f RefCOCOg-google Fil
RefCOCOg-umd M # 4] 43 75 =0, H o RefCO-
COg-google % 43 14 Il 5 £ (train) A7 85 474 41 ||
G SCARNE K UE4E (val-g) A 9 536 24 G SCAKT 5
RefCOCOg-umd %] 43 19 Il %k % (train) A 80 512
R SCAR KT B0 UE 5 (val-u) A 4 896 41 5% 5C

ANt R (test-u) A 9 602 21 KR SCA T .
4.2 KIGIFE

AR SCAd I 25 59 BETT 3 00 8 4 15 25 45 #4)
PG SCARRAE o X T4 A R 8 I A 88
LR ARG R SF HX W 88— 7 % 420X 420,
IR M5 BEIT3 Wil 25— 8y 0 — 280, fa
ASCAAE I BEIT3 B J5 4y ial &5 47 4310 . % 8
B SCAA JE 43 AT 22 5, A SCFF RefCOCO Al Ref-
COCO+ M KR XA K F Qmax & K 20; % FF
PR K K B RefCOCOg B 0K e K SCAR
KBER R 40, HE K B  SCAKE BB, R R K
FER SCANIHEATIR 78 . A SCHYRE RS L T Py Torch
WRE 2 I HELR S o i A7 SE 30 B4 2 7K NVID-
IA Tesla V100 32 GB GPU | 5¢ i, &4t b 2 K
INR 32, Ak B R AdamW, 3, =0. 9,3, =
0. 999 B HE W R A B 1 X 10 *, PIhR2= 2]
R N1 X 10 S EHLOD AW EWEL X 107,
SUNGREECH 60N .
4.3 FLELIE

R T BRSSO VA A AU AR SE R BRI T
U AR R AR 4 B A 8 Fh e LR A ) 7 3 N4
P4 LAAT T 2 A% H S0l se g g R n sk 1
FIi7R o

i 10 %01, 7£ RefCOCO,RefCOCO+, Re-
fCOCOg =~ Hs 5 3] 73 19 34> B3k 4 F1 5 -
WAL S T4 b, A SCHE 1) BEFMPFE #281 %
RIS, 5 AR T KRB 28 LRl A
R B8 7T B R 43 XF b o #E RefCOCO %
% I ,BEIT3-L i & BFMPF 7 val, testA F 4 4>
WIS 77.12%,79. 46 % , A48 DETRIS 43 51 55
H1.12%,1.26% stestB THEUERR R N 73.45%,
WA T DETRIS 49 73.50% . RefCOCO+ % 42
AR BR T A%y An A A A R KSR A s
AH XS A 58 B H bR E AL . A SCBEIT3-L A
BFMPF 7& % %t ¥ 4 val, testB 1 8 43 51 ik 5]
69.72% ,62.42% , AR B AR 45 0L o &1 X SCAS Al
WHEK H LR EE M RefCOCOg # i 4 |
BEIT3-L i A BFMPF 7E val, test 1 £ 73 5] ik %
69.12%, 69.58% , 7 Xf bk 7 ik v, 1 BB AR
et o

A ST B AE RefCOCOg X 2 K AR 3 &
oA TH BB % O8R5 o 1 B, 156 W 0L 1 R AiE 9 1
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R e ] RS M $ B SO AR A0 8 X, A RO K S
AREIUATFL T . S5 IFEE, RefCOCO 1

#3542 3¢ DETRIS 1914 68 ; i RefCOCO+ Bt 2
o X 5 ] HE AR M JE T R AT e g

testB FAE R T E /N F bR S AL, s, AR SO R R B 2 A T AR B US Re A
3 M BE B, AR SCASE R A I o B 8 5 T AT K
%1 RefCOCO, RefCOCO+71 RefCOCOg # #E & 3 bk LI
Tab.1 Comparative experiments on RefCOCO, RefCOCO+ and RefCOCOg datasets (%)
Method Text encoder Image encoder RelCOCO RelCOCOT RefCOCOg
Val  TestA TestB Val  TestA TestB Val Test
LAVT™ BERT SwinB 72.73 75.85 68.79 62.14 68.38 55.10 61.24 62.09
DMMI™! Bert Res101 68.56 71.25 63.16 57.90 62.31 50.27 59.02 59.24
ETRIS™ CLIP ViT-B-16 70.51 73.51 66.63 60.10 66.89 50.17 59.82 59.91
FSFI* BERT Swin-B 71.23 74.34 68.31 60.84 66.49 53.24 61.51 61.78
CrossVL T BERT SwinB 73.44 76.16 70.15 63.60 69.10 55.23 62.68 63.75
BKINet"™ CLIP CLIP-R101  73.22 76.43 69.42 64.91 69.88 53.39 64.21 63.77
ERIS™ BERT Swin-B 75.30  78.50 70.10 63.60 69.20 55.10 64.00 64.70
RISCLIP-B*" CLIP ViT-B 75.70 78.00 72.50 69.20 73.50 60.70 67.60 68.00
DETRIS™ CLIP DINOv2-B 76.00 78.20 73.50 68.90 74.00 61.50 67.90 68.10
AMLRIS™! BERT Swin-B 75.45 78.33 72.12 67.37 73.19 59.51 65.67 66.78
SSP-SAM"™ SAM-H CLIP 77.12  80.04 72.41 66.03 73.45 55.29 68.25 68.08
BFMPF (Ours) BEIT3-B BEIT3-B 76.84 78.63 71.75 68.94 70.25 60.33 67.84 68.24
BFMPF (Ours) BEIT3-L BEIT3-L 77.12  79.46 73.45 69.72 72.86 62.42 69.12 69.58

Sk T B G HUE B AR S TR A R AR SOk
B S50 FLOPSs AU HOE Y 0 ] = 5455 4
B DMMIFl CGFormer )7 AT T AR, 5256
X H g RNk 2 TR i AR R TS — Ry 420 X
420 9 P 3 B 7E B 5K NVIDIA Tesla V100 GPU
P batch size=1#F 7MKL . K2 174831 300
UK A5 3% 1S BT . ERSE SRR 2R .

INF 28] LLE T, A SCHE Y BEMPF A5 A1
FERET 5T 2 B 55 43 EDORS BE 22 RO T R 47 1
fir . £ Z B R 7 i, BEMPF & T DMMI Al

RISCLIP, 5 CGFormer il Shared-RIS #f [t 4t T
hSE K. TR K R U5 |, BEMPE |1y
FLOPs » 476 G, i # it T RISCLIP fil CGForm-
er, {LI% = T DMMI F Shared-RIS . #i B fif a] J7
Il , BEMPF By 25 4b # 4E 3R 4 84 ms, Bk & T
Shared-RIS Fl DMMI, {HIE ik T* RISCLIP #1 CG-
Former, #5& 3 1905 #K & , BFMPF 7 Re-
fCOCOval I ik 3| 76.84%, & T DMMI. CG-
Former 88X} Fb 7 %, E B 7R SCH7 4k LAGE vy 153
FRASCILT W RS R T

R2 ANFEEEBRERILER
Tab.2 Comparison results between the proposed method and classic models
R R 2% SR /M FLOPs/G e -2 15 18] /ms

RISCLIP CLIP+CLIP 375 1 380 245
CGFormer Swin+BERT 252 949 168
DMMI BEIT3 356 397 72
Shared-RIS BEIT3 239 155 28
BFMPF BEIT3 338 476 84
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R ELWXTE A R 55325 1 43 B RICR |, AR S A
RefCOCO 4 5 7 5 19 2 20 Ph S PERE A 4%
A S BEMPF £1 A 5 A 4 3 28 1L i) LAVT F
DETRIS 5 47 AT MLAL X He, #4345 R an 151 6
FIF7R o

i 1 6 1T LU, 78 SC 7 3 4 40k B 43 5 fig
D1 B TR T . AEL G AT U i, BEMPF

LTINS LAVT

LN

Broccoli bottom

Lady sitting

Hotdog on right
nearest glass

30y in purple wearing
dark glasses

Man on the far right

() 43 ) 300 5B A ) AR B S AR R L X AR £ T TP
FM #5192 2 90 it fil & s 7E AR AK IX 53 5
[l , BEMPF fE i i 21 J5 i i) i OO0 67 B 5
X AF 25 T BEMM HSCAR 51 S 405 3 i1 1) 25 8] 5
PEALHI . R g RS 3R 1 E k42 A B ED
B, B A SO e At ARG T HAE
SR 114 5 RS X SR RE T

DETRIS 5 EH

BFMPF(Ours)

P 6 X b S 50 mT AL AL 45 2R 14

Fig. 6 Visualization results of comparative experiments

4.4 HELLIE

R TRV A ST ik 4% 21 A ) 4R AR SR IR 4
VA B 5 04 B2 A S X R [ R AT I i S e R
SCAS 51 3 0 1 A AT AR O B AT S T Y
HRELSER . R)E N TR SC 5 A A T 2 5]
X R 1) A5 A0 8 o A5 ke 1) )2 B 1 T 1S R v R
AL e 5| 18 5 A RS LT ASOE s g . JF
L3 2ok 52 56 5 Uk A5 R 55 1 R 2% 1Y R g B PR R

BRI RRE P o Ry T BRI S 90 LA, AR5 i A7 55
I ¥ B AL /N1 RefCOCO B 48 |
4041 A AHE A AR IE

R T BRSSO 2% S A B A APk L S
BT 7O SR AL il 44 A1, A2, A3,
Ado FTH XL R AE I AL 2B E N 6
JZo TR R IR 3PN

2% 3041, 7F RefCOCO i £ Y val , tes-
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Tab.3 Ablation experimental results of core module

R4 WEFHEFHFHRREHEMLHEER

Tab.4 Ablation experimental results of layer number for

combination (%) bidirectional feature modulation module (%)
Model Accuracy Accuracy
i BFMM TPFM Layer number

Naming Val Testa Testh Val Testa Testb

Al 72.84 76.21 65.31 2 75.21 77.44 68.12

A2 N/ 75.65 78.36 69.42 4 76.02 78.36 69.43

A3 N/ 75.14 77.88 68.25 6 76. 84 78.63 71.75

Ad N/ N/ 76.84 78.63 71.75 8 75.98 77.25 69. 36

tA, testB =R 43 FAE BRI B AR AT, AT
7 |G ) 4 A1E 8 )R e ) A2 A5 TR 43 1) o i 2R
BT 3.11%,2.15% ,4. 11 % ALFI A SCAR T &
U E A A B 1 A3 S AR 43 U B R 43 ) 4 T
2.30%,1.67% ,2.94% ,3X 43 Bl By ik 7 AL ¢ AE
T R B 5 I AR S R AE A8 B SCAR 5| T
il B B AE RS HE S| S O AR AR RS T A
B .

] i 5 1A PSR B A A4 R, A AR T A1 SE
T 4.00%,2.42% ,6. 44 % HOMER SRR TE, B4
il 8 A AN FH B — BB ) A2 5 A3 BRI 5 3 Y
XS] R A 8 ) 455 e 5 S A 5] 5 i E Rl A O
AP 7 B 0 PE R N, TR A AE 0 Y B S D [
1 55 SO0, A A AT T AR G M A A B AR A 4 R
FEAR B HE— D4R T o BUORS B, SR uE R T AR 3¢
D5 B A B S g
4042 SR E) 4R AR B BE B B B AT

X i) A5 AIE A i A5 B 1 22 EUR B e 9 )2 A
TROE B 4 5 ) 5 S R AR A 1Y 3 40 Tk S AR
RIEZALEE T o BB R 4 3 08 A A8 Gk
BORFE 4y, TR AE e FF 48R ik 5 H AR X 5
R 2 0 5 i iGd A SRR R .
95 E AR 3C 6 )2 IR 8 1T S e L A ST R 9 A
JEHO RSl X 2,4,6, 8 2 ECE T AR
TPk BE o Ak 43 BT R 2 B 43 45 SR Y 5
SCR IR 4 R .

HH 2 4 0] 1, Bt 25 R ) AR AT 9 A B 2 2
B, 4y FIER B AL B A 6 )2 B Ik B R AR AL
S YREON N E SR B MERERE AT T R I
PR 2 0 ) 2 B 22 T OB R X )1 5 4 1 AR AR i
BERLA (6] B 30 7 3 E S B L BRAR T ORI AL G 2
fRBETT o PRIt 6 )23 2 e IR AIE 52 B 78 3 Pk S Al
ZACRE I W e T

4.4.3 B35 E T ML 5 B HEREIE

9T BB R 4% BEIT 3 X A4S SC AT $2 # be Ay
OPE PR AL R 22, 36 3iF BEFMM 5 TPFM ik B
25 B WE T P4 R I RO B BB T, A SCatk
TTHTNEEBRILK ., A SCK BEMPFE [ &%
SCA G i g 43 ) R 4 Sy aE ] B JF Y Bert Al
SwinB 20 & .CLIP #l ViT-B 20 & , 3 7 4 6] 1 52
ik E T T RefCOCO ¥ ¥ 4 I UE 47 18 @l 5L 56
HAERME SR

MEPHEETH, —4HAFETTEET,
BFMPF 4 % 4 H Baseline 3 U 18 7. & P fig
Tt , W BEMM 5 TPFM # B 68 % 78 A [7) 73|
SRFRAE 235 H] b AR e A FE 5 S S A0 R JBE X 5% 5 il
A B AR RO R E T M. TR — 4l
BERT-+SwinB % & T , BEFMPF 7 val, testA
testB b 43> B35 %) 74. 22%,77.15% F170.68% ,
21 48K 5] B T (9 CrossVLT, 5 3F T BEFMM 4
Jr i T S T S A R ) SR R A A X R A XL
[i] 5 75 00 1 W0 58 T Ay 5 SCAR R R T B L
o EE M CLIP+HVIT-BiX® F,BFMPF 7&
val Fl testA I DL 76.15% HI 78.82% i ik
RISCLIP-B, testB | 71.45% W& A& T J5 &
72.50% . 43 #rik l , RISCLIP-B 4t %t CLIP 4
SCOF H X FERR R HEAT TR BE O B3 7E testB
XEHEELENDHIEHETRGREMNS M
BFMM 5 TPFM [ a3 FH B T3 3, R X5 X L
Y RRIE S AR TG B . S5 SR s R,
T K F Al i+ M 4%, BEMM 5 TPFM #5 Bt
Brge ok e H W 2 v Re Y 45 UE X OT
B Hok A B R B A & 4 5 BEIT3 B
Xof Fif H 5 K Y 2 RS W 2k R AE E— Ak T
XL



55 16 4] A A AR OB RRAE I 1 5 SO |5 R ) AR R AR A 2 ) O 2589
£5 BREBTRATHEMRIELRLE R
Tab.5 Verification results of separability between module and backbone network (%)
Accuracy
Model Text encoder Image encoder
Val Testa Testb
Baseline BERT Swin-B 70.52 74.00 67.45
CrossVLT BERT SwinB 73.44 76.16 70.15
BEMPF (Ours) BERT Swin-B 74.22 77.15 70. 68
Baseline CLIP ViT-B 71.84 74.85 68.21
RISCLIP-B CLIP ViT-B 75.70 78.00 72.50
BFMPF (Ours) CLIP ViT-B 76.15 78.82 71.45
Baseline BEIT3-B BEIT3-B 72. 84 76.21 65. 31
BEMPF (Ours) BEIT3-B BEIT3-B 76.84 78.63 71.75

4. 4.4 TPFM 3 i it ak A L4 05 ak 52 5

55 UE TPFM B Be 7 iF il 5 W 119 2 22 1
A RE I 1Ak £ 2 905 40 A A 3T 50 )2 il
B RME A R A P BE 22 L AR BT X A
D7 T T AL 56 . AN L9 R = A X ey
2 —RAPERG BVEGH 43 2 28 BT, K 3 1 58
A PR ST AIE T 3 o B R S T R T R
S JRAA T2 B BERRAE AR S SR v AR
Vi B2 G AU B TPEM BBl )2 9, AT
AT 22 )2 5 BURRAE SR B 5 88 1 2058 L, SOAR T
ALHEAT — W 5| 38 58 5 )2 0 a0k A, SR R )
FRAE 22 B A5 4L, S B0 56 T SCRRAE il A 5 S0 AR 5|
S AT EFRMIE TPEM £ Z Wt il & 454
BT =2 i SCIK Sl D[R] S b A i) il
GO Z B B B L B A A ol A SR e g
RnFE 6 Frmxs.

HY 2 6 1] A1, B AR A3 RS B B R A 2 0
R 2L BT, AR S0 = )2 W Rl T 28 AH b — kP
A CHEREA P2 kA Y U B R

F6 TPFM ELRETHB SV GIHRMLEER

Tab.6 Ablation experimental results of the progressive

fusion mechanism of TPFM module (%)
LS Val Testa Testb
— LR A 75.71 77.53 69. 86
R A 76.25 78.01 70. 52
T )2 W 76.57 78.31 71.14

VNS G = BT e 76. 84 78.63 71.75

M0 A B AR T AR 143 50 S BN [R) 1 ORg
WK, —WK MRS SR G A8 B IRBCH R,
e LA 56 B B SCTR BE I O 55 H AR A o B R
J2 VT R )RR LG A A PR AT AR AR T =
J2 1 i Rl 38 By R BRI RO LSRR AE 2 )
HEASCRE X AKTEZ 40 B S 58 B % A 55 1k
BT R ABEENER ISR RSN
9% #b Transformer Jay 78 £ #5265 Mz , 32 G ph ML 21 240
14 R JER N A . S 2 SRR ik X 22 )2
B A P T A R AR X SRR Y DGR T, AR S
FiE R I = 2 a5 M e i, 20 UE T TPFM
B A EE A LR L Y SR
B
4.5 HERBEMES W

R B UEAS SC BFMPF #5878 75 1| 5 o 72 v i)
fil o 1 L T B BE LB 46 Ak ok i P RE Dk 3h T
P, [R) s 2 A ASE A0 Ay o 5 SR ) BB B . AT ke
B RefCOCO H 4 4 #F 17 8 52 5050, 9296 3% & {1
FEANAS AR B ALECRD -, 21359 R TT IR 58 5
YR, AN G 2 5 BUMEAE . mZt5H 5
LI S5 R 0 B SR AR AR I 22, 2R G PR A B Y
Rk, LR RME TR,

26 7 SEEG 45 R A, S 4R R BEL AR TR
Y 2l ST S2 6 25 IR 22 B8/ . RefCOCOval, testA
testB - 4 #E i 3 % ) X (8] 43 ) S 77,06 %~
77.19%,79.37%~79.50%,73.39%~73.52%,
Xif IO A fE 22 A F 0. 05~0. 07 Z ] o 15 B AR S5t
T [ 246 25 K 1 1 B, U1 Zad AR b i BE HIL SR B
HABRMPT TR I i BISCF-f2 . W)
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Tab.7 Experimental results of model stability analysis

(%)
Fifi ML Fh Val Testa Testb
1324 77.15 79.42 73.41
2685 77.08 79.50 73.48
3579 77.19 79.37 73.39
4681 77.11 79.48 73.52
5792 77.06 79.41 73.44

WIH EARHEZE 77.12+£0.05 79.4440.07 73.45+0.06

B A2 900 (A 5 R SC O R 25 AR A
— BB T AR SO M RE 0 T S, LR A e B
P

7 A S (R SE R L AR SR HT BT R 5
¥ BFMPF 5 4 i 3 i 5 3k DETRIS J & 48 1t
WEM . BT 54— — X A S B T 5
Al 45, RefCOCO = FHE K5 p H /N T
0. 01, 2 B AR 37 32 A X XoF HEASE R0 14 6 32 42 7 2L
A G R A PR RE AL B A BEPLI
YRi5 22 B0, MR AR SR H 5 1) 45 224 2 R 1) 52
BT

LN AR 7 ELs

<

The orange cat
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The black thermos
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Red pen holder

4.6 ZHHK

Ry 58 UE AR SCRE Y B LS 3 iz A RE T, R
B AL A7 4 Y 255 3 5 B O SR AR, AR Ik
D3 4R A1 % 60 21 IS SCAS L X FE A, 145 30
ik R F AR IR BE T ST AR, 30 7K S M 4% 1 A Y
AT ESCIR . E S AHRE AR B e
JBYE B A O R DR 2R A I 5 R 4 B
OB A8 A AN S BRE L I SR BR
il PR 858 o DA PR R0 T S 4 B BT B AR
PERE .

JT A FEA Y o3 ) LA 2 B RefCOCO 4 42
PRERAE, 2 AR AN R b BB IE,
T AR BR 25 AT 5 . S 6 B0RE R e B L RIR 5 SO T
Ao R 5 S S 5 R 4 — 2, fn#k BEMPFE il
SRRCE S A . AR UROR 43 R 4 B i 32
I (ToU) 518 2 HE 0 S AE 0 I 48 b, I IIL4E
3 500 FH T A6 000 X 08 S B R T R
1 2 T IE %

FE A5 R BRI AE 60 41 B 52 3 R
[ ¥ ToU 3K 3 78. 2% , V- 318 2 i K 1k 5
89. 5% , FEAHL H bi AV B A LB €0 i A 45 i Y
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FAE 7R
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Fig. 7 Real-world scene generalization test results



516 1 i

e 25 U] AR I 3 1 5 S S T R ) A R R i AR K 3 R O ik 2591

4.7 FWHRUEE

P 8 JEE /R T A ST R ARG AN 7] 28 L A SCAS 4
AT HRAC R 7 B T AL ZE R BT A i 104
BRI R A A S 2 8R4 . Ko, afib iy

LIENE S 7 FIEE R A ALERE

Chair bottom left

SCAAIRAUA — A1), ¢ R d B SCAR H R R AL
o XoF (6 B AR S S e R EAS SCAS i 38 ) 35 260 X437 B 4R
KL, g FI A SO $ 38 3 2o 1 SCOC AR AT RE 7, 1 A
§ 0 I8l — E AR B9 A ) SCA i 3

RS ] AR E

LIPNE S

{

] Chair of guy looking at you in front

K8 A SC BEMPF #5825 48 4 35 43 &1 7T WAL 45 2R

Fig.8 Referring expression segmentation visualization results of BEMPF model
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& T — Bl X 1] R AL R ] 5 SCAS 51 S i 2 A
(14 40k JEE 45 AR 38 7 1 J5 3 (BEMPE) o %77
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SCA T Gk A R (TPEM) 38 i 4 Bk 42
Transformer Jm il as b @M, S5 2R E S
J1 V8 SCER S E R L A RS 2 2 AR S

TE R 7 R, 52 3 I SCRRAE 19 i it IR B
T BT AL G SAEH LN 2R
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