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Abstract Existing indoor three-dimensional (3D) object detection is able to detect a limited number of

object categories, thus limiting the application on intelligent robotics. Open-vocabulary object detection is able
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to detect all objects of interest in a given scene without defining object categories, thus solving the
shortcomings of indoor 3D object detection. At the same time, the large language model with prior knowledge
can significantly improve the performance of visual tasks. However, existing researches on open-vocabulary
indoor 3D object detection only focuses on object information and ignores contextual information. The input
data for indoor 3D object detection is mainly point cloud, which suffers from sparsity and noise problems.
Relying only on the object point cloud can negatively affect the 3D detection results. Contextual information
contains scene information, which can complement the object information to promote the recognition on object
category. For this reason, this paper proposes an open-vocabulary 3D object detection algorithm based on
contextual information assistance. The algorithm integrates contextual information and object information
through a large language model, and then performs chain-of-thought reasoning. The proposed algorithm is

validated on SUN RGB-D and ScanNetV2 datasets, and the experimental results show the effectiveness of the

proposed algorithm.
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b, &0 & &M ENE R R E R
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4.1 BIREFE SRR

A C#E SUN RGB-DP7#1 ScanNetV2 " A4
= WNEIEE BT TSR PfE . SUN RGB-D £
F5 10335 M5, Ha 5285 M H TS,
5050 Mg s H T, R LFH 800 4 H
Fr; ScanNetV2 fF 1513 MgHt, Hd 1201 A
W AT I, 312 Mg s AT, HdE £
At 200 4N H bz

AR SCAEH ToU B H A 0.25 (1 42 28 “F 3 1
T2 (mAP) 1F A% I P B8 10 VPl . AR X
Z W OV-3DETZHE 47 52 36 VF £, 40 91 ik %
SUN RGB-D A1 ScanNetV2 ¥ #i4E | top-20 255
BEATVPAL . NS HA A AT I b, AR SR
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42 SEHEYETS

WL A B S — B Bl 2h = 4k
T W 2% A FEHE TN Sk, RF4EE 400 4 epochs,
A 6 5k GPU B R#EAT IS, KB R EW
HERANR 45 585 I BEN 5 H bR B AS R 70k
Hie o X WY EM LR XX/ EE, Fe
50 > epochs, FAHH 6 5kiEF, &FIKE R LAt
KK 2. WS ES, FEmiy>FERN 1Ix
1075 BRBEHOIMNER b~ & & &
A& BN 0.3, 3.00 9.00 1.0 1 1.0, H1H
o~ Psior s P~ @t ey 73 A BE AN 0104
0.50. 0.25. 0.60 1 0.78. Z=3CF|H] 3DETR #y%k
=R T 4% R A T A Sk, H R
2 MiniCPM2 #4 £ LLM, £ # % SIGLIP #) g
PLFM, Z#i2 MiniCPM-V 2.6 #% SDGM. 7
S IILE 6 7K NVIDIA A800 GPU 47
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CIL3D 584 %4 SUN RGB-D ##54E

[ EL B 45 R ange 1 f13R 2 AT zs « 7E top-20 2K 5
I, 5 OV-3DET Mt , mAPX™ M 20.46 2 &
21.56, Fnl sink KA, #2747 10.17, UEEH T
CIL3D A &t TR RIEAR, KA
XHZ T 20 A 10 D20, 7E top-10 28
S F, 5 OV-3DET MLk, mAPY™ M 31.06 $& %
32.65,

CIL3D 5874 5% 4E ScanNetV2 $di4E 1)
P g SR ane 3 F1 4 fiion . 53 777 CoDA
A EE . CIL3D ) mAP2™ M 19.32 #2 & 20.95,
CIL3D Ff] mAPY™ M 28.76 #£ % 31.34, CIL3D 7
AN BRI e bR HIR B R, BRI R
chair #2717 10.90, toilet #&F+ 1 1.92, table $&F+
13260 BT RERERAR, KA G2 T
20 NEAIHR) 10 G0
4.4 HRLSKLG

oA BB CIL3D ({540, A S0
SUN RGB-D ¥ #i& % b % CIL3D #k4T 7 4 filt 52
5. VRS o kA E . B PLFM. 3 i
OPFM FI§m E F X5 8 44, NRIBIE,
2 5 %> 5] /il Base setting. 4+ OPFM. + PLFM

# 1 CIL3D FIIAEE7E SUN RGB-D #iEE FiY 20 bR R

Table 1 Top 20 comparison results of CIL3D and existing algorithms on SUN RGB-D dataset
Bk mApi(skIs table stand cabinet counter bin booksh pillow micro sink stool
OV-3DET"" 20.46 2331 2.75 3.40 0.75 23.52 9.83 10.27 1.98 18.57 4.10
CIL3D 21.56 20.29 4.96 3.87 1.71 23.34 13.77 16.90 6.42 28.74 1.96
ik mAP;™ toilet bed chair bathtub sofa dresser scanner fridge lamp desk
OV-3DET?! — 72.64 66.13 34.80 44.74 42.10 11.52 0.29 12.57 14.64 11.21
CIL3D — 73.70 67.65 36.60 47.44 42.60 12.55 3.31 10.19 18.22 14.26

#* 2 CIL3D MG E AT SUN RGB-D ##E5 F/Y 10 KELELER
Table 2 Top 10 comparison results of CIL3D and existing algorithms on SUN RGB-D dataset

Hik mAP; ™ toilet bed chair bathtub sofa dresser scanner fridge lamp desk
OV-3DETIC™ 13.03 43.97 6.17 0.89 4575 2.26 8.22 0.02 8.32 0.07 14.60
FM-OV3D"™! 21.47 55.00 38.80 19.20 4191 23.82 3.52 0.36 5.95 17.40 8.77
CIL3D 32.65 73.70 67.65 36.60 4744 42.60 12.55 331 10.19 18.22 14.26




60 £ M B R 2025 4
3 CIL3D FIMGE LA ScanNetV2 HIEE LAY 20 HELBLER
Table 3 Top 20 comparison results of CIL3D and existing algorithms on ScanNetV2 dataset
Hik mAP" bathtub refridge desk nightst counter door curtain box lamp bag
OV-3DET"" 18.02 56.28 10.99 19.72 0.77 0.31 9.59 10.53 3.78 2.11 2.71
CoDA™" 19.32 50.51 6.55 12.42 15.15 0.68 7.95 0.01 2.94 051 2.02
CIL3D 20.95 51.33 6.88 13.91 14.74 0.21 1.07 8.91 2.44 3.85 2.05
=R7R mAP¢" toilet bed chair sofa dresser table cabinet booksh pillow sink
OV-3DET™! — 57.29 4226 27.06 31.50 821 14.17 2.98 5.56 23.00 31.60
CoDA™! — 68.09 44.04 28.72 4457 3.41 2023 532 0.03 27.95 4526
CIL3D — 70.01 43.80 39.62 42.52 8.20 23.49 8.03 8.42 25.74 43.62
&4 CIL3D FIBEEA ScanNetV2 HIESE LAY 10 FEbis
Table 4 Top 10 comparison results of CIL3D and existing algorithms on ScanNetV2 dataset
B mAPR" toilet bed chair sofa dresser table cabinet booksh pillow sink
OV-3DETIC [36] 12.65 48.99 2.63 7.27 18.64 2.77 14.34 2.35 4.54 3.93 21.08
FM-OV3D [22] 21.53 6232 4197 2224 3180 1.89 10.73 138 0.11 1226  30.62
CIL3D 31.34 70.01 43.80 39.62 42.52 8.20 23.49 8.03 8.42 25.74 43.62
ZH B = SRR A2 > H = kA 0
M BRAT w5 ot & 1) e B S S, T 4 v A )

%5 CIL3D £ SUN RGB-D ##E % FA0iERI L8
Table S Ablation experiment of CIL3D on SUN RGB-D
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X7, AT S TG fE

o

dataset
Trik mAP:™" AmAP2" mAP}" AmAP}™
Base setting 19.85 — 30.08 —
+OPFM 20.30 +0.45 30.95 +0.87
+PLFM 20.64 +0.34 31.41 +0.46
~+Context 21.56 +0.92 32.65 +1.24

F1+Context 7~ . Base setting 21 5 CIL3D [ X
5l 2& PLFM M YOLOV10 75 2 (1) BT A D br 25 25 4
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REVH B A 2 T P e ar il 45 SR s, 4 7 Al
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5 AL

amD%ﬂm%“ﬁﬁﬁm@3%%°%
£ 1 #& bedroom, CIL3D @454 g 85
H #r 15 B A A 0 B #r/2 dresser. bed *l]

Scene 1: bedroom
Objects: dresser, bed,
nightstand

3 CIL3D WAL 4R
Fig. 3 Visualization analysis of CIL3D

Scene 2: dining room
Objects: table, chair
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