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Abstract: To address the problems of existing 3D visual grounding methods—such as excessive depen-
dence on single-modal information, poor adaptability to perspective changes, and limited effectiveness of
cross-modal feature fusion-a novel cross-modal interactive learning and iterative fusion approach for 3D vi-
sual grounding was proposed. The method comprised two stages: multi-modal feature extraction and
cross-modal feature fusion. In the feature extraction stage, point cloud encoder and text encoder were em-
ployed to extract point cloud and text features respectively, and the category information of the point cloud
was introduced. In the feature fusion stage, a point cloud feature enhancement module based on Trans-
former was designed to improve the expressive ability of point cloud features. The deep correlation be-
tween point cloud and text features was captured by the symmetric interactive learning module, which ef-
fectively suppressed the interference of irrelevant features. The cross-modal iterative fusion module gradu-
ally integrated cross-modal information to enhance the positioning ability of the model in complex scenes.
The experimental results show that the proposed method has achieved comprehensive accuracy improve-
ment on the three classic 3D visual grounding datasets of ScanRefer, Nr3D and Sr3D. On the unique sub-
set of ScanRefer, Acc@O0. 25 and Acc@0. 5 reached 86. 19% and 69. 68% , respectively. On the easy sub-
set of Nr3D and Sr3D, the localization accuracy reached 65.20% and 74.87%, respectively. The pro-
posed method demonstrates stable localisation capabilities across diverse 3D scenes, validating its excep-
tional performance in enhancing multimodal interaction and cross-modal fusion.
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] 2R & J2 o ) A 20 2k PR )2 R O A e A 4
T3 1 Softmax R B — 1k M TER IAE , R G
55 1) A Ofe S5 5 A O 1) R AT R 25 R fx
KR AFBZE . B R (27) ~K
(29) Fi7R :

WQ’ Wi, W\/:M1)+M1n (27)
F!=Softmax(Linear(Wy))s W, (28)
Fr=FFN(F!+ Wq). (29)

MR ARAT R R R, R kAR R G R
FIE P HT A X R R B 2B R Bl S A
1R — %0, H 258 A A I, K15 5 2 fil
Gl Foo

e KA FogA—A 2808 3
Ak R 6 1 2 2B AL T 5T ) 6 4k i T
ek (x, y, 2, Lw, h) o o, (2, y, 2) F R B4R
TEAE 19 JUART Hats s AR B (4, w, h) 7 TN 08
HE A 5 17
2.5 MEKEE

AR S 4% 1 45 2K BRVB L o 3D 1 FLAE [ 15
PR SCAR AT A TN 2 43 A Rk 3 A A A
Horr, 3D i FAE [ 526 Ry F2 Z A R, SCA G2
P& R AL 2 43 2 A e Ok il B U 25, =X (30)
JIE R

L= Ly + Ly oe + BLup s (30)

Hod oLy, 67w 3D 3 FHAE [T 4658 2% i 488 2k R oF
RS ALAE 3D 4 2 P v 1000 AE 5 B S AE 1) B B 5
LI AR DR 5 L o R SCAR G FEHUR %R
PP S 70 A 25 2 B A SCAS o IE 1 43 28 M SOAR B
B4l 2 H AR P8 19 28 SR 5 Loy B R 1L &
Iy IZ R N 3D 2 I R IE A 4 2
FIT A PR 09 28 SUR 5%, o T 8 R - i 45 0 2 {H
RIINAY 2280, G ScanRefer iy 52 5638 B, 4~ 3¢
K FO BRA ., BIDRE InAL R 20341 0. 5, LURA £
25 40 UL I 25 B B4R (AL 34 i 1) 66 32 STk, By 1k
BN B TR . A R AR X FRALEE AR
R T 5 S il A5 ol o 2 o e ) o AT AR
AT R AR LB G AR BE ) o
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3 Ko

AT T CIF3D 18 34~ 2 i 3D Ml
FEAALECHE A b S A R O S e g
) 3D 0 o AL B HEAT T AT AL, SRR TR
SCEERIAE S A B4 LR SR . Rl B, X A
RUHEAT 1 AL A B, D IR AR A
BOME
3.1 3DMEEMEESE

7K 3CHF ScanRefer® \Nr3D"'#1 Sr3D'"'5x 34
22 ML 3D AL 8 7 Biclls B b AT SC e, B R BUE
B B 56 T R ML= N 3 5t 80U 4E ScanNet™
ARE 8

ScanRefer % ### 4E 42 7 800 4~ ScanNet ¥ 5t
FI 51 5834 SCA IR , Wi 29 11 046 1> 3D X 42,
BOPE A o o 38R 4y o Horp Il 25 4 (train) A
36 665 4 i 5 SCAKT, Uk 4E (val) 47 9 508 26 &,
5 SCAR MR (test) A 5 410 2H 53 25 SCAS XS o
R & AF7E T X &, Wk 4R i — 2 4 40 o
“Unique” , “Multiple” il “Overall” . H |
“Unique” A & T 4%+ %, “Multiple” T £ 7776 T
WX R, WA TG — N “Overall” 75 . B
ScanRefer” , -t 48 5 ffi F{ Acc@IloU=0. 25 Al
Acc@loU=0. 5,

Nr3D % 5 % £ % 707 4> ScanNet 3 5t fil
41 503 4 SCA A, B 4 X 43 I 254 (train)
A2 (test) o Hoi UINZREEA 28 716 A mi =
SCAKE MR A 7 485 41 55 = SCAR KT, HdE 4 Kl
Sk 5384y, 43 W oA “Easy” , “Hard” , “View-
Dep”, “View-Indep” il “Overall” , H H , “Easy”
Ml “Hard” + % 1 & X 5 #E 5 ScanRefer
“Unique” #1“Multiple” # [7] , “View-Dep” + 4E 19
F 2 SCAR S MK A ML B R £y, “ View-Indep” F4E
P 1 2 SCAR S AN AR AR ML R A, DU A - EE 48—
H“Overall” F 5 . 5 Referit3d"™, PE M 8 #r
FHZ 53 KRR 3

Sr3D $ i 4 44 & 1 513 4~ ScanNet 3 5 I
83 572 SUA i & , H s 4 X 43 Il 45 4 (train)
AN 4R (test) , Horp N 2R 4R A 65 844 21 5 = ¢
A, MR A 17 726 A 55 = SCAXT, PF i 45 Fr
5 Nr3D —%.,

3.2 XKWIFEE

A A 5286 ¥ 7 Ubuntu 22. 04 & 48 3055
T # AT, B E A $E python 3. 12, pytorch
2.5.1,CUDA 12. 4 #il torchvision 0. 20. 1, ffi {4 fi¢
BN —3k 32GB vGPU &K . #AIYI %% Ad-
amW 4k &8, i FH 3 Il 2k CLIP (base) ™' N
SCAR G A% U R B AR AN R4 i A SCAR | K
TR RE Ry 24, BB e K HIECN, ]y 51, 8= R A
R 50 000, PointNet—+ -+ 1 SA #1 He % & 4 3,
YRR 8, U2 JE 19 o 200 %8 o R SCAS 4 B
A5 23 AR B AR R A 2 AR A B R
IR 2% 2 R0 0,000 05 4bh , HeAx il e — i & h
0. 000 5, fif A Bk 1 dropout Rk 0. 2. Y4k
AT 30 8 PR FFA: 2 RARAE 305 2 R R 1058
LAY T 8 2 50 0. 05 %) 2 3] RFEAT =0,
3.3 Itk

R TSR AR SCOT VA A M AR SCIEEL T
3D A BE 5 A7 A5 AL 11 R AL, #F 34 4 LR 3D
P 2 SRR AR B AT 1 )TIZ R LG S S g
ERANR TR 2HR

FVER T AT KA ScanRefer #1044 -
B 6T bb S 30 25 B FL R 3 2 8] A A7 3 R S TR 4
FRIF R SCA M i i B BHlE 26 AL, “ 3D ARER T 1E A
3D A=, 3D+H2D"RARTEAID H B H2D £
I . 3R B T I, AR ST ¥k #E ScanRefer
B &Mk 7 4 O T B R . A
“Overall” F & 1, 24 DL ACC@0. 5 K ¥F #r 38 #5
i, A% 3¢ CIF3D #55 A9 A Fb HE 4 28 — 19 VPP-Net
AT L 2% A FETREARK. ZZE0
HFHE ALCIFID FiESLH T 0.94% 1Y
HERR R4 T

F 2 IR T A CJ7 L 7E Nr3D i Sr3D 44l
£ ERXT IR A R . R AT, AR ST IR TEBR
Nr3D K “Overall” F £ #1 Sr3D f “View-Indep”
THINY A T LS R R, L
WA BRSO EHEA S 2, 5 R R Al
MCLN""HI GNL3D" X A 2% 0. 34 % F10. 04 % .
BRI, AR X5 ¥ 7E Nr3D 5 Sr3D $ffs % |5
BT 5E A R 3 A R T .

F 2 IR T A CH I AE Nr3D Hit Sr3D £ 4
B2 LA XS e SE g 25 2 . i SR AT, A SO R AE BR
Nr3D #Y “Overall” - 4 fil Sr3D i “View-Indep”
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Tab.1 Comparative experiments on the Scan Refer dataset (%)
Unique Multiple Overall
Model Input - —
ACC@0.25 ACC@0.5 ACC@0.25 ACC@O0.5 ACC@0.25 ACC@0.5
ScanRefer"” 3D 67.64 46.19 32.06 21.26 38.97 26.10
Referit3D"" 3D 53.75 37.47 21.03 12.83 26. 44 16. 90
3DVGH 3D+2D 81.93 60. 64 39. 30 28.42 47.57 34. 67
InstanceRefer”’ 3D 77.45 66. 83 31.27 24.77 40.23 32.93
3D-Spst 3D+2D 84.12 66.72 40. 32 29. 82 48.82 36.98
BUTD-DETR™ 3D 81.47 61.24 44. 20 32.81 49.76 37.05
EDA'™ 3D 85.76 68.57 49.13 37.64 54.59 42.26
3D-VLP™ 3D+2D 84.23 64.61 43.51 33.41 51.41 39.46
MCLN" 3D 84.43 68. 36 49.72 38.41 54. 30 42. 64
VPP-Net'"” 3D 86.05 67.09 50. 32 39.03 55. 65 43.29
CEFAM'™ 3D 84. 50 66. 60 41.80 31.22 49.63 37.72
CIF3D(our) 3D 86.19 69. 68 51.33 40.17 56. 52 44.71
2 Nr3D#1Sr3D #iE &£t tL L8
Tab. 2 Comparison experiments of Nr3D and Sr3D datasets (%)
Model Input Nr3b Srib
Easy  Hard VI VD  Overall Easy Hard VI VD Overall
Referit3D'" 3D 43.60 27.90 37.10 32.50 35.60 44.70 31.50 40.80 39.20 40.80
3DVGH 3D+2D 48.50 34.80 43.70 34.80 40.80 60.50 50.20 57.70 49.90 57.40
InstanceRefer " 3D 46.00 31.80 41.90 34.50 38.80 51.10 40.50 48.10 45.40 48.00
Multi3Drefer'” 3D 55.60 43.40 52.90 42.30 49.40 — — — — —
3D-Spsi 3D+2D 58.10 45.10 53.20 48.00 51.50 56.20 65.40 63.20 49.20 62.60
BUTD-DETR'? 3D 60.70 48.40 58.00 46.00 54.60 68.60 63.20 67.60 53.00 67.00
EDA'™ 3D — — — — 52.10 — — — — 68. 10
MCLN" 3D — — — — 59. 80 — — — — 68. 40
VPP-Net" 3D — — — — 56. 90 — — — — 56. 90
CFAM'™ 3D 62.30 48.20 56.10 54.90 55.70 67.60 59.50 65.10 59.00 65.30
GNL3D!"® 3D — — — — — 72.80 64.00 70.60 58.00 70.10
CIF3D(our) 3D 65.20 52.65 59.23 58.01 59.46 74.87 66.33 70.56 63.51 70.21

"—"indicates not detected; "VI": View-Indep; "VD": View-Dep.

TN 74 LB R R, 7 -
WA FHE L AR SO B HEA 5 2, 5 SR A A
MCLN""F1 GNL3D"™{X #H 2% 0. 34 % A1 0. 04% .
SR A SO B e Nr3D 5 Sra3D S i 46 b5t
BT 7 B R A R T
3.4 HEEZIG

R 53 BT 45 B HRSKT E A57 1 B % 1) 2 ), AR SCHE
Nr3D %t 45 b AT 7 0 mlb St 5, S0 4
CIF3D He {4 B2 i 415 1 fil L SCA G 4 2 )2 5

Az R AE 8 AR ASE B G Bt 245 22 0 X R 58 L 2 2] A
B i LA R 5 RS 35 AR il A A5 B AR
3041 mAHmER

N T BIE CTF 3D 45 A58 B 1 78 0 A7 8k, A 52
Bt 74 A 4y 4 44 CIF3D (1) &
CIF3D(4), Sz, s 2 R i 3 5 AR B 1) 4 B
FRIZECH 3, % BR3¢ B2 2 BHLUR sh A L 1
RS 6 ARl A B 1 AR R B 3, SR 45 SR
3PN,
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Tab.3 CIF3D ablation experiment results (%)

Module combination Nr3D Parm

Model name 7
PFEM SILM CIFM Easy Hard VI VD Overall /M

CIF3D(1) NG 58.41 44.21 52.19 51.27 51.74 72.76
CIF3D(2) N NG 63.67 51.06 58.22 56. 21 57.79 82.22
CIF3D(3) N NG 61.03 48.17 55.01 53.75 54.92 74.34
CIF3D(4) v v v 65. 20 52.65 59. 23 58.01 59. 46 83.78

"VI": View-Indep; "VD": View-Dep.

X CIF3D (1) 5 CIF3D(2) By 52 4 45 5 nf
LB B = RS SR A e (PFEM) J5 , #5817
Nr3D ik 4 b % 5 07 i iR R 2 R T, Hob
“Hard” T2 T+ 1k 6. 85% , Ui B % L He A R 14 i
TE YRR . #F—2PX I CIF3D(1) &
CIF3D(3) ] & B, % FR A8 .4 ) f e (STILM) B
FEAR B E A K PFEM, HAL LA 1. 58 M 2 £ 2 BJ
16 “Hard” 74 L5 R 3. 96 % Itk fE#2 T, £
WL M S B8R . iea , CIF3D (4) 7€ [A] i) 5
A PFEM 5 SILM J5 ik 2l s AL PR GE , S0 iE T 4% 15
Bz ih iy & HE S AN TEMEBE S A A B 2 )
AR T RBP4
3.4.2 X ABAEEKTE

SCAS Gt A i 2 SCAS R A1 2 IO A0 L,
J2 B N H RE A R B 5ER 1 RRIE RN BB ) L (Al

SFUSHE LTI g SRR, 8 TR
PEBE 5 %0R 0 -5, AR SC ) 1 8 A TR )2 Bk
A7 T8 Rl S 3 o o AR S g 5 2% 2 BN AR
BI85 U A I Rl 5 — B0, IR HE B ) SR
10 20 3 80 X 5 25 SCAS X 4 5 34 B ], 52 6 &%
N 4 From .

X Fb 2 T B T N B SRS g 5 2 ) L
B, BB FE Nr3D B4 48 b 07 o 1 R 0%
BRI I 12 ZR R R E. AL 6)2E
122N EAREENRMKT1IECR. 5
I R A 2 B B B R T TR R B R
R — 2 A5 A4 3.15 M B S50, k1
TIN5 A 2 B B AR o 2R B 2 R R Y
FRL RS 4 B AR SCR T 6 )2 1Y SO 4 15 4 3
poRE:

x4 XARBBEHHMIBER

Tab.4 Textencoder layers ablation experiment results

(%)

Layers Nr3D Parm Train time  Inference time

Easy Hard VI VD Overall /M /ms /ms
1 53.88 41.33 47.91 46. 69 48. 14 68.01 37.71 19.67
2 59.71 47.16 53.74 52.52 53.97 71.17 39.03 20. 80
4 63.83 51.28 57. 86 56. 64 58.09 77.47 41.79 22.24
6 65. 20 52.65 59.23 58.01 59.46 83.78 44.08 24.33
8 65. 26 52.71 59.29 58.07 59.52 90. 08 47.97 26.01
12 65. 38 52.83 59.41 58.19 59. 64 102. 69 53.59 29.46

"VI": View-Indep; "VD": View-Dep.

3.4.3 ERAFIEIEAR AL BT

S PR AR B SR B B (PFEM) AR it | & — A4
% ) Transformer % 18 £ , 4 W 5% 4 14 45 )22 £ 0
SRR B 5 AR S L B R A S e, AR SCTE
PR 47 LA A5 B I B AN A A AT R, X PFEM
Transformer Zi &% % 1 )2 80317 17 IH Al S 59, 2

B B 0~4 )2, LIS R K 5 R .
8 52 56 45 S w0 AL 5] B A 2R Y
PFEM £ He B} o] i 25 46 T 455 20 2 o o 1 52, 7
“Easy” 74 LT T 2.07% . F#E 90 48 2 5
B 188 0, 45 R S B0 4 1 K, PEEM A5 B (4 7
REBG IR B TV 25 76 3 2P is Bl k. AR, 24 )2
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Tab.5 PFEM encoder layers ablation experiment results (%)
Layers Nr3D : Parm
Easy Hard VI VD Overall /M
0 61.03 48. 17 55. 01 53.75 54.92 74. 34
1 63.10 49.75 56.98 55.47 56.59 77.49
2 64.68 51.54 58.61 57.17 58.33 80. 64
3 65. 20 52.65 59. 23 58.01 59. 46 83.78
4 64.96 51.63 58.79 57.64 58. 74 86. 94

"VI": View-Indep; "VD": View-Dep.

BOm = 4200, 280k RS BOE R G e
BRIFUG T . 48R KW, PFEM B AE P AE 5
PR AT IR S8 22 () A7 AR -1, T 2845 B4 o) 2 25 2
JEE VIR IR R B PR RE
3044 MHHERLFEIIBERER

TE R FR 22 B2 I BEHL (SILM) H, SCAR 5 A5
A ST B I LR A T — 8 ) L

W, ST R B R AE TR, O 3 R AIG T AR AR
SR . R T A e T R X A R B 1Y 5
Wi, A SCU BT =L SEE, 4300 S JE SILM A |
P AN e 22 1Y) STL M AR He R AR o 3 =2 ) STLM AR
Yoo o BUE AL R AR SCR FL 2 RRIE ) £
SV R A Sk R A A ) 1) R ) A
AHEL ST, S5 45 a3k 6 TR .

F6 SILMWEHZ/AHZHMIWER

Tab.6 SILM weight sharing/Non-Sharing ablation experiment results (%)
SILM Nr3D Parm
Easy Hard VI VD Overall /M
No 63.67 51.06 58.22 56. 21 57.79 82.22
Sharing 65. 20 52.65 59.23 58.01 59. 46 83.78
Non-sharing 64.91 52. 86 59.07 57.79 59.17 85.37
"VI": View-Indep; "VD": View-Dep.
L35 03 A R B AT AL, TC 8 2 A R AL BREARMG . BN EE NS EHRE )RR

=3
e 5] SILM A58 He 1) fig 42 455 70 1 o o7 o i
Ho X 2 558 31T Rl B R
W EEMEERNSE R R T ERAS
B PR BE ) 7 “Hard” P45 L RBUE A . SR 101258
B AR RE SR A A A SR
ARy H S50 83.79 M, H#R T AL
FEALE R T 158 M, HIE H A 440 T4
AR T AR S TR RE S AR A
3.4.5 BESE KRB LK

AR S RS 2 AR Rl AR B (CIFEMD) SR A I
YR-ME R AR 0 BT RN B gl A 2R S
(i) 348 58, 48 g B R X A2 % A 2 0 B R T e A
T B T 22 40 1] 235 T 398 i, S5 0 s 458 L E A 11

BERA SCA R 5 ENRRE I 2 5 10
I b %2 A7 42 136 5 00K o A il A R AR . R T RS
30 AR YR BSOS A IR 5 7 M B SR A R I, AR S T
AL S SR A RN R TR .

FH S 50 45 SR R Bl A 2 AR B i, A R
FEAALHERR B DA I AE S 3 A% AR 1A 2] 0
B hm, BREMNSTI AL L. 98 M 24
i, B A RE AR, RS8R 92.72 M, B
EWOIN T R E R ET S B R A
PEERR TR O T SN B0 R R CIFM A Bk
14 5 A5 2 A SR, AR SC 3 Nr3D $i 4 45 Bifi AL
TE WL 4 20 55 = SCAXE, FH Open3D JE X 45 48 1%
A A b i il A R AE E AT T = 4R nT AR IR 6
FIi7R o
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Tab.7 CIFM iterations count ablation experiment results (%)
) Nr3D Parm
Iterations
Easy Hard VI VD Overall /M
1 59.46 45.79 53.26 52.08 52.97 65. 90
2 63.02 49.61 56.75 55. 86 56.17 74.84
3 65. 20 52.65 59.23 58.01 59. 46 83.78
4 64.97 52. 14 58.97 57.62 58.76 92.72

"VI": View-Indep; "VD": View-Dep.

Input Iteration 1 Iteration 2

Iteration 3

Location result

-

Window closer to the paper towel dispenser

K6  CIFM % RRAF iT P Ak 45 5

Fig. 6 CIFM iterative feature visualization results

BIR 45 R R, B AR RO N, 6 =
B ICARTE 55 BHOZE AT IE R , B0 SO HE
TRAR G FAR PN 28 09 O T JEE 45 21 1 38 00 0l X — B
GUGAIE T A SCRT 4 Y CIFM B8 i 15 45 20
B BE AT ORI AN R ) 22 BEZS AR B A
WZRZEE G E R REZ MRS RS
1 SCORHR A Bl ik ACAI A AL A 7 41 ) I 56 1)
Moo AE B R E AT 55 B4 i v LA
P B 5 A R AR AR

3.5 WML

K7 ReoR 1A SCRETE 12 240 5 = SCAR X |
1 € 7 AT ML AL 45 R R 56 1 “Easy” , “Hard”,
“View-Indep” F1“ View-Dep” 3 4 Fh %1 43 77 X, LA
R Xk 227 T 22— P L A U 43
SRR 1~617 o Hoh—X) 2798 W] — SOR
i N EDLZ DRI R, 2 X — "R N [\ SCA
A Z 6 — S s P T E L

ZERKW A4 T ZBERE RS R B
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(Cross-modal Information Fusion Module, CIFM)
B 32 AR Rl A AL, AR SCO 2k 78 Ak BROAS [R] 2R 78 05 =
SCARXT Y H AR e E N BE T . B XTI

Chair in the right corner of the wall

o

Smaller table furthest from the wall with the windows

o

B Z 19 “Hard " 28 B 5 AR 6100 M 19 View-Dep” 28
R A SOy Y RE 0% 38 i 1k AR ML ] R A B AR A 7
i SC, RN I 8 AL SCAR P A AR 1 B AR 4

Input Iteration 3
P, :

Location result

Chair in the right corner of the wall

&

Coffee table closest to the window

7 3D WL R i T P A2 R
Fig.7 3D Visual Grounding Visualization Results
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il A R T Rl Z RS RIE R TR A
TR 3D Yy 50 h i H bR SL Ak 1. SCm s RSk

Wy, AR SO ETE A B XSl TS R R T
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TEACC@O. 25485 E4r5l#& T+ 17 0. 14%,1.01%
0. 87% ;7 Nr3D M1 Sr3D 1 “Easy” T4, A
I EM T CEAM A GNL3D 43 B4 T+ 1 2. 9%
M2.07% . JAFaN Ay VAR A B S0 A AT
FEAE R BRE , FLES SRR AR Al M 850CR 588 B A
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