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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 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
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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.

Key words: large language model; indoor 3D object detection; open vocabulary; contextual
information; chain of thoughts
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Bl Zr HAREAG BTNk, VLK BAR 0 KRR B RS0 X2 2 B BRESE 50 A
epochs, JLffF 6 5K+, MIKEF LA/ A 2. FERES I FN le-4, HRBREIRL
BRM > G G20 G MG AHEN03, 3, 9, 1, 1, BIE Povy » Do @+ @

H Qe 73 B EH 0.1, 0.5, 0.25, 0.6 1 0.78, ALk 3DETR #4y% = 4 M 25 Flig ¢

MEFTMAS ISk o A SR BARE S MiniCPM2 #J% LLM, KA Z 4545 SIGLIP ## PLFM, X
FZ 525 MiniCPM-V 2.6 #4%2 SDGM. FTf sLIR#RTE 6 7Kk NVIDIA A800 GPU L4711,

4.3 EUFFEMHR

W 1 fion 2 CIL3D FIELA 5LiL7E SUN RGB-D $ii4E I Ebiist . 7F top-20 25
EHEAT TR, A1 OV-3DET Ehfk, MAPA™ M 20.46 #2715 21.45. M, iFW] T CIL3D
MR RFRE sink RAIEEFH T 10.17. T 20 2851, HTREBIBER, KikH5)
26T 20 KR 10 NG 7 top-10 K5 EBET T, A1 OV-3DET b4, mAPL™
M 31.06 $2 7151 32.65.

%1 CIL3D MIBE A SUN RGB-D HiE&E ERILLIRER
Table 1 Comparison results of CIL3D and existing algorithms on SUN RGB-D dataset

5k MAPXY  table stand cabinet  counter bin booksh pillow micro  sink  stool
OV-3DET [21] 20.46 2331 275 3.40 0.75 2352 9.83 10.27 1.98 1857 410
CIL3D 21.56 2029 496 3.87 171 23.34 13.77 16.90 6.42 2874 196
5k MAPX™  toilet bed chair bathtub  sofa  dresser  scanner  fridge lamp  desk
OV-3DETIC [36] 13.03 4397 617 0.89 4575 2.26 8.22 0.02 8.32 007 1460
FM-0OV3D [22] 21.47 55.00  38.80 19.20 41.91 23.82 3.52 0.36 5.95 17.40 877
OV-3DET [21] 31.06 7264 6613 34.80 44.74 42.10 11.52 0.29 1257 1464 1121
CIL3D 32.65 7370 67.65 36.60 47.44 42.60 1255 3.31 1019 1822 1426

W 2 fin CIL3D FIELAH BIEAE ScanNetV2 B4 LSS . MELA 7%
CoDA #itt, CIL3D f mMAPZ™ M 19.32 #2713 20.95, CIL3D [ MAP,™ M 28.76 #7}5
31.34. CIL3D fERAZHIRA I GedE FHAR B, a0 chair #2717 9.79, toilet $2F 1
6.24, table $2F+ 1 7.48. X T 20 A, HTRIEBIRAIR, KR 51287 20 NEAIH 1)
10 51,

F 2 CIL3D FINAE LA ScanNetV2 HIBE FHILLRE R

Table 2 Comparison results of CIL3D and existing algorithms on ScanNetV2 dataset

Sk MAPZc bathtub  refridge  desk  nightst  counter ~ door  curtain box lamp bag
OV-3DET [21] 18.02 56.28 10.99 19.72 0.77 0.31 9.59 10.53 3.78 211 2.71
CoDA [23] 19.32 50.51 6.55 12.42 15.15 0.68 7.95 0.01 2.94 0.51 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
B MAP* 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 2.35 454 3.93 21.08
FM-OV3D [22] 21.53 62.32 41.97 22.24 31.80 1.89 10.73 1.38 0.11 1226 30.62

OV-3DET [21] 24.36 57.29 42.26 27.06 31.50 8.21 14.17 2.98 5.56 23.00 31.60



CoDA[23] 28.76 68.09 44.04 2872 4457 3.41 20.23 532 0.03 27.95 4526

CIL3D 31.34 70.01 43.80 39.62 42,52 8.20 23.49 8.03 8.42 25.74 43.62

4.4 jHEhSCIE
T AT RN R CIL3D HIs2M, A SCAE SUN RGB-D #(#i4E %) CIL3D LitiT T

THRLSEEG . VERLSEE 7 MU, iR ah B E A, W PLEM 4, 190 OPFM 41,
ENSERAL, O T RAERIRTTE, (R H 5 Base setting, + OPFM, + PLFM,
+Context. %} T Base setting ZH, F1 CIL3D [1J[X /& PLFM 5 M Yolov10 75 2(# fir 5 Do hr 2
AR : £E OPFM o, ORAEH RMED RIEHEREAT ik, PIry HARKFIER R B s B UfE
BT WS B B4R E . X+ OPFM 4341, MAPZ™ A 19.85 £ 20.30, MAP,™ M
30.08 #2713 30.95. PEREMIFRTFULEA T PLEM BERE TR 25 2= e A eH RS 45 SR () i, AT
PRERIIPERE . % T+ PLFM 20, B PLFM BEERAGIIN , KoUK B2 455 T 3271, mAPA
M 20.30 2 TH 5 20.64, MAP™ M 30.95 #2715 3141, PEREMIHETHILI PLFM A5 it I8
JRE R OAREE, MRS R R EE 5, BEmfgmfiivEge. X F+Context 704, A+
OPFM 4 41HEL, MAPR™ #7+T 0.92, MAPL™ £ T 1.24. % T CIL3D, L FXfEE
R0 4T B e B0 A RBE S — LA R H AR RISy, TSR TR I A

%3 CIL3D & SUN RGB-D #iB& FAYHFRSIIE
Table 3 Ablation experiment of CIL3D on SUN RGB-D dataset

Jrik MAPZ®  AMAPZ  mMAPEX™  AmAPY*®
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

5 AL Er
il 4 Frzssg CLIBD B AT # AL b g 3. 355 1 & bedroom, CLI3D it 4 & B 305

BATH bR B 3RE A H kR 42 dresser, bed Al nightstand. %5 2 #& dining room, CLI3D
LA BN SE B E A BRI R H #7572 table F1 chair. % A 5 5t Ml = i8id RGB-
D AHALIREL, AF7EME 75 AR ol /. AR R 2= 1 H RS B AT RO = A =4 H brar il
FHEPE ] B2 S B H AR AR A A 8. CLI3D it KiE 3 MR AN B | S0/ B H AR i3
EIFAT YRR, MTVERR T RSSOV PR RS, AR s 7 R ROA T E N =4
SRy el [£1R s



Scene: bedroom Scene: dining room
Objects: dresser, bed, Objects: table, chair
nightstand

4 CLI3D WIAT#L L4
Fig. 4 Visualization analysis of CLI3D
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PBEBU SN E BN . — D5, MBI, SSRGS, ST H AR
TR A, R BRI AR R, SET RS BIE TR S R
SEMR o RAREE M S 2RI H AR (S SR R W28 B\ 7T R 23 R IR E R I ) /L, itk
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