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Table 1. 1 ScanNet 4 FiE SACRFITAMA . * FoRgiREHETINA [30, 40] .

Method Vosel Resolution Performance Training Cost Inference Cost
mAP@0.25 mAP@0.50 | Memory (GB) Time (Hours) | Memory (GB) FPS

With ground-truth geometry supervision.

ImGeoNet* [31] 40 x 40 x 16 54.8 28.4 13 16 11 2.50
CN-RMA* [30] 256 x 256 x 96 58.6 36.8 43 242 12 0.26

Without ground-truth geometry supervision.

ImVoxelNet* [29] 40 x 40 x 16 46.7 23.4 11 13 9 2.60
NeRF-Det* [38] 40 x 40 x 16 53.5 27.4 13 14 12 1.30
MVSDet* [40] 40 x 40 x 16 56.2 31.3 35 36 28 0.87
SGCDet (Ours) 40 x 40 x 16 61.2 35.2 20 19 14 1.46
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Table 2. ScanNet200 ¥#E4E FHEREH . * FRGREHIE
SUHE [B1] . FrAJ AR REDBER N 80 x 80 x 32,

. Performance (mAP@0.25)

Method Total Head Common Tail
ImVoxelNet* [29] 19.0 34.1 14.0 7.7
ImGeoNet* [31] 22.3 38.1 17.3 9.7
SGCDet-L (Ours) 28.9 46.0 24.0 14.9

Table 3. ARKitScenes $fltf FRYERETIR. * FORGERE
BEIHE [30, 40]
Method ‘ Voxel Resolution ‘ mAP@0.25 mAP@0.50
With ground-truth geometry supervision.

ImGeoNet* [31] 40 x 40 x 16 60.2 434
CN-RMA* [30] 192 x 192 x 80 67.6 56.5

Without ground-truth geometry supervision.

ImVoxelNet* [29] 40 x 40 x 16 27.3 4.3
NeRF-Det* [38] 40 x 40 x 16 39.5 21.9
MVSDet* [40] 40 x 40 x 16 42.9 27.0
ImVoxelNet [29] 40 x 40 x 16 58.0 33.2
NeRF-Det [38] 40 x 40 x 16 60.4 38.3

MVSDet [40] 40 x 40 x 16 60.7 40.1

SGCDet (Ours) 40 x 40 x 16 62.3 44.7

SGCDet-L (Ours) 80 x 80 x 32 70.4 57.0
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Setting | 2D Deform. 3D Deform. | MV Attn. | mAP@0.25 mAP@0.50
(a) 56.0 29.8
(b) v 56.2 30.5
(c) v 59.5 34.1
(d) v v 61.2 35.2
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Wsny bk brF S R R o AR I, SEWER 3D
RN X I R RE A 25 3D 3. N TR A F LI
B8, FATENG ImGeoNet [31] , - ARAR 5 H BT 2 (51 5]

B AFHMLE S H I BT L X 2 53 . ANk 3
7, SGCDet ¥ 5 i HA A 3D (REHFERIN ik
FHEER, IRZARIRAEERE . BLAh, FeAiTAY SGCDet-L
PA 80 x 80 x 32 MIAZ /- Hr, M T (0 A T SR R 4
HER 192 x 192 x 80 FIE LU CN-RMA, iX
SegE RLPE— IR T IRATHE %) SGCDet HYA R

K 6 Ex T M ImGeoNet [29] . NeRF-Det [38] .
MVSDet [40] FIFATHE 1 SGCDet KAF M 3D
DARER AT . WA KB, R LSl —L
YA, B AW XIS IE R i R . AL R,
SGCDet REMS 7= A 0 HERR VA I 45

FATAE ScanNet H¥asE FFATIH B -

KT U R SRR A e s . £k 4 &2
N TIUAAN B SCBEER AR . E (a) 23K
AL, SR B SR EESR IS A TRAE SR T . BEE (D)
A (c) BRI T AR TE D3 R A MR R 1) o . IR
BRIV R TRENEZE, (e
TR Em, SEWERER AR L2, 841
1) =4l ] A2 T R [ A 3 Y DI N il A T LAl
FXfEE, 7 mAP@0.25 Al mAPQ@Q.50 43512 41
T 3.3 Ml 3.6, WA G2 MEERE S, Mgt
BTt EHE SRR RE TR (E ().

KT WG AR E B AT . R 5 TRAI T T/
AT E . B (a) REL VA, HEEESPER
40 x 40 x 16 ¥y 3D K. HRKE (a). (b) F (e),
FRATTUL R 2] phy KL 2] 20 11 SR s A BRFF BB P [ I . 2
TR A AT LAERE (o)-(f) s TH
LR RE LB R I D R LU B o TRICR, Rt
INRERE LG (e.g., 10% ) FIRBAS S H bR, FRAGAE
WPKERE . T P ER RN A FRA TR e
K 25% .

ST PR R SEES . R 6 BT, ERG

www.xueshuxiangzi.com



Table 5. XIHgi (AR EH A REBTIE, BIRRAILET BE) B ARG A I )RR LBl . B (o) WO THRATHY SGCDet,

. . \ . . Performance Training Cost Inference Cost
Setting Voxel Resolution (Selection Ratio) mAP@0.25 mAP@0.50 | Memory (GB)  Time (Hours) | Memory (GB) FPS
(a) 40 x 40 x 16 (100 % ) 61.0 36.0 31 24 22 1.33
(b) 20 x 20 x 8 (100 % ) + 40 x 40 x 16 (25 % ) 60.6 35.6 21 21 11 140
© 10 x 10 x 4 (100 % ) + 20 x 20 x 8 (100 % ) + 40 x 40 x 16 (100 % ) 6.3 36.2 34 26 26 1.28
(d) 10 x 10 x 4 (100 % ) + 20 x 20 x 8 (50 % ) + 40 x 40 x 16 (50 % ) 60.9 35.4 2 22 15 1.40
(e) 10 x 10 x 4 (100 % ) + 20 x 20 x 8 (25 % ) + 40 x 40 x 16 (25 % ) 61.2 35.2 20 19 13 1.46
() 10 x 10 x 4 (100 % ) + 20 x 20 x 8 (10 % ) + 40 x 40 x 16 (10 % ) 57.0 317 19 19 | 13 1.53

Table 6. (5 KA AT .

Setting mAP@0.25 mAP@0.50
w/o0 occupancy loss 54.5 29.0
w/ occupancy loss 61.2 35.2

Table 7. 5 =i FAEARAE T AT REBF ST .

Label quality Ground-truth labels Noisy and incomplete labels
- mAP@0.25 mAPQ0.50 | mAP@0.25 mAP@0.50

ImGeoNet [31] 54.8 28.4 54.0 (1 0.8) 26.2 (] 2.2)
SGCDet (Ours) 61.2 35.2 60.7 (1 0.5) 33.6 (] 1.6)

Table 8. TR M 2% i (AR il S RS o

Setting mAP@0.25 mAP@0.50
(a) w/o monocular branch 59.6 33.8
(b) w/o multi-view branch 57.7 32.1
(c) full model 61.2 35.2
(d) w/ depth supervision 62.2 37.1
(e) ground-truth depth 64.3 42.3

P12 55 mAP@0.25 F% 6.7 F1 mAP@0.50 % 6.2,
VA a5 B M 525 T IRA1ET 3D A
MER PP IC RS, FRATIE B 7% B SE 37 5 LA A A

TRAHTIFTRESENS . 3D 1 AHE W] fE 2 7r A e
AR, RS TR s AL S . SR,
XS RS |5 B AR AR GRIY BERE R, A0 o A
R B FEHERER, REkmmT 25 % HT4ifk, #
PRATES 5 I IR 7o B 3G, LGRS R O AR b
WA (K 3 ) o N7 A e S i A AR
HIsE, FRAIBENLINIG 15 % AUELSCHE , el 2]
KR AHESEAT 15 % BYBEALGE L. X 28R 5E £ A bR
T 5 AT 3D R faE ) . BRI, #F 7T WK,
5 B U ) ImGeoNet  [31] AHE, AT
SGCDet F B H o = () St

% T DepthNet BYJHmHr. FATERE 8 HIER
T DepthNet RJVHEISHT. WHKE (a)-(c) Fias, E&
DepthNet LA 21 {4#0 4 S 800 M VERG K10 R . 4%
TRBATIPAG R R R A . AR R (A
(d)) ST 62.2 i) mAP@0.25 #1 37.1 [ mAP@0.50.
HAAEENE, XEEREERE THELZHBI%
BERMS B AU EER CN-RMA  [30] . B
(e) F6HY /2 BB BELSCIREARE A, X RIARATH
R FBR . B s Tl R R I Y i —
BT DA R K AT 25 18]

4. 8518

FM3R L T SGCDet, X RE—FEIHMZ A EN 3D
PIARRIHESL . S T SRR KAL)y, FAT5

AT —AJUFI B R SO B R A, i B
RS A T Z MR EGRE . 1Lok, AT 4 T —Fp
v g ARG A SR, 2 SR S B It 20 A A 5
WERMAR, BEWDT B RS EFITRITE. &
TR HEZRAL A ] 3D il SEAE AT BB N %, T BR T X%
B U E BRI K. SLiGah iR, SGCDet 7
ScanNet. ScanNet200 F1 ARKitScenes ¥{fE4 523
T AR RE .

d.

Holt Wy TAES 2 7 b E E R E SO
2023YFB3209800 53 H ) S ¢, #3152 7 v [ [
KA RPlF RS 62301484 SITH B SCFF, WM T
TR H AR R 20247454 SIUH A SCRE, AR
FEl Ay 25 oy R 4 2024MOT1076001 535 H Y SCFp. 3¢
AL R AT VLR A7 2 R S B O R 1)
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