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Abstract: [Background] Traditional methods, due to their static receptive field design, struggle to adapt to the
significant scale differences among cars, pedestrians, and cyclists in urban autonomous driving scenarios.
Moreover, cross-scale feature fusion often leads to hierarchical interference. [Methodology] To address the key
challenge of cross-scale representation consistency in 3D object detection for multi-class, multi-scale objects in
autonomous driving scenarios, this study proposes a novel method named VoxTNT. VoxTNT leverages an
equalized receptive field and a local-global collaborative attention mechanism to enhance detection performance.
At the local level, a PointSetFormer module is introduced, incorporating an Induced Set Attention Block (ISAB)
to aggregate fine-grained geometric features from high-density point clouds through reduced cross-attention.
This design overcomes the information loss typically associated with traditional voxel mean pooling. At the
global level, a VoxelFormerFFN module is designed, which abstracts non-empty voxels into a super-point set and
applies cross-voxel ISAB interactions to capture long-range contextual dependencies. This approach reduces the
computational complexity of global feature learning from O(N°) to O(M?) (where M << N, M is the number of
non-empty voxels), avoiding the high computational complexity associated with directly applying complex
Transformers to raw point clouds. This dual-domain coupled architecture achieves a dynamic balance between
local fine-grained perception and global semantic association, effectively mitigating modeling bias caused by
fixed receptive fields and multi-scale fusion. [Results] Experiments demonstrate that the proposed method
achieves a single-stage detection Average Precision (4P) of 59.56% for moderate-level pedestrian detection on
the KITTI dataset, an improvement of approximately 12.4% over the SECOND baseline. For two-stage
detection, it achieves a mean Average Precision (mAP) of 66.54%, outperforming the second-best method,
BSAODet, which achieves 66.10%. Validation on the WOD dataset further confirms the method’s effectiveness,
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achieving 66.09% mAP, which outperforms the SECOND and PointPillars baselines by 7.7% and 8.5%,
respectively. Ablation studies demonstrate that the proposed equalized local-global receptive field mechanism
significantly improves detection accuracy for small objects. For example, on the KITTI dataset, full component
ablation resulted in a 10.8% and 10.0% drop in AP for moderate-level pedestrian and cyclist detection,
respectively, while maintaining stable performance for large-object detection. [Conclusions] This study presents
a novel approach to tackling the challenges of multi-scale object detection in autonomous driving scenarios.
Future work will focus on optimizing the model architecture to further enhance efficiency.
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4i 1 FEN (Feed-Forward Network) 52 B, 312 £ )
WG LR A, R ZH VEF 55 40l FFN )
n] A, PointSetFormer H 45 5 %8 {66 FH 1) B i i
FR M JRI B 5 8 i L, , VoxelFormerFFN H' VoxelForm-
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er [ 1T Y BEOCAD PR O 4 Jry BEU i L, , L0 L, B AN [m]
21 A XA DN 238 SRAT B R s ), LA AR I 22 0 il
SEE TR .

(3)PointSetFormer ff i 4%

TEf AR AT ARBFOR LR B E B
FCERIE 0 H AR A R A . Bk,
BRI IRE RS VLA R R W RERE T 35
(broadcast) I % N & F X3 N 19 i, 72 46 5 i AR
KEMFEE H e R 1, SR)G il LM N b
AN BRI TR 20 1) A AT R RS (B . 4 e 2

) Qe R™ i Ke R FUE Ve R™ I JE 4 , i 2%
HHAOWT
A= [A],

A4,]=[Kk0l, K07 (D
A =[Softmax(4,), -, Softmax(4,)] (12)

o=[0,--0,]=[A1v,-Alv,] (13)

Ao A A Q MR K TE R IR A HAR
IH—AbRE R
222 YR PR BR

AW AE SRR B b 5 4 R R R AE G i
(VFE) J7 iV AR AR T DX 1)« B 98 A o 34 8 T 1k
RIPTCHEAT R A E SR I, (H VFE i 17 4 55 2 12
S48 e 4 Sy B — 1] 5, T PointSetFormer |
SRURIEY: R 1 B O H= WA I & 85 PO & (1o I L 8
1K 22 54 Vox TNT B9 RO ARt PointSetFormer H
2 SR AR, T 2R3 I T 45 SR AE SR

R ERAIE T )38 T AR PointSetFormer
1915 Voxel R-CNNPHI Part-A’-free™ #1145 & L%
Hy ey Bk, i g R, ot & B hr
BEif &I o B AR AE 5T 7 iR B R B AR
o R T N RE M A S 1 BTAR , ASBIF ST AE S
ISR R AR T PointSetFormer 75 BBy B F1 9 %7
Be3D kil it e

3 BT H4S

3.1 HIREIREF
311 BIRENA

A5 BT KITTIYAI 1.2.0 fRAS i) Way-
mo Open Dataset (WOD)™ W K = it £ 5 4 17 512
IR UE , HBE RGN - KITTIAE A 248 LI v B i
£E38 FH TR 0L FE Rl RE S0 IE , 177 WOD LA R R
12 2 Gy st B T VAR AR E S PR PR ) B

oAb

KITTUEHE SN B 30728 B sl vz i FH Y
Sz —, HAEE R /R & LB T A7 B (KIT) 5 2
I = AR BEFEBE (TTIC) B AT &, 44 5 Ik
Wi oA s 5 7 481 AN ZRREAR R 7 518 41
MEAREA . Z B4 £ RGB B4 5 LiDAR i &
XS EE , W55 15 000 WO Tk 4 K 7] 4 40
BB R 15 h) SRS RE AT ANEF8 Ak
2238 HFRAY 200 000 4~ = 2k FAEbRvE . HRR O LE
TR B AR R P 58 S AT R 0 Ao ) uf i o)
I3 R =G ] B (> 40 1% /0 I PY/EE K <
15%) g (i B> 2545 22 /5 43 14 /4R T < 30% ) il
PRIXE 20 (1 B2 > 25 R 3R ™ H I P/ T < 50%) o A
WF5E E T XA AT A AT B 3 %0 B R,
DA 2 B (e I 3 S B 28 B T 00 ) A Sy E AL
FWE EAZ PR R RGN SRR AR A
TSN . RN A 0] LS UL https://www.
cvlibs.net/datasets/kitti/index.php.

WOD J& H Waymo A 7] & fi [ Z 385 A 21 2
O LB 4R L A B 798 YN R 31 AN 202 4 B3 IR
JE4) 8 a5 1H 4 Ll JRUEI S5 Hh i 3 T SRR IX 2K
56 5 55 o B 5 5 A4S i o3 BER A AL K- 9L
360°) I S AL HOL TR A (4 A+ PR [ R 4 L 48
H£2 23 J7 ¥k LiDAR $9 48 (DAAL 5 BE B /58 B A5 B Y
360° 11 55 I A7 % ) A1 100 J7 5k R (T K 6.4
ANEE)  BEEAL B RS AR IR 2 A o B .
H 3D FRyE A 5 400 AT N AT N A bR A
F HAR (31200 07 S5, Hor T 3 2 PEINAZ O 4
Bro BEAELLY RFFELY 20 s, RS 9 2D/3D
G HERRTE , A IR 8 BBk o It S
TN 244 0] L2 UL https://waymo.com/open/ .

T R AU, JUH S KITTI I 2550 EAE
AHR/INTF 4 000, P05 2 U1 gl 1k 4T B8 v
SR AT IERE T R Y A R A 4 SR e
e ARy R AR Bl ) 7 vk R L TR o

F1 HREEERARERABER—TR
Tab. 1 List of data enhancement technologies

and probability of use

Tk S B
ESSE) v 0.25
4 R TiE v 0.25
4 Jr) B v 0.25
W v 0.25
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3.1.2 AR AR

(1) KITTIiFAh 45 bR

ARG EAG KITTLE J5 (1438 B PEAG B, 4 5
5% (Car) .17 A (Pedestrian) Fl 53 17 4 (Cyclist) 3
AN 1 3D K, A2 A 4 7 v A5 R X
3G I S B (AP) R on . Hirp, Car 2K 1)
ToU [#{H 4 0.7, Pedestrian Al Cyclist 25 1) IoU [ {8
0.5, PR TEAR A  AE 11/40 AR A 8] A T 1
AN ZEH ) AP (Average Precision) , T A 2851
AP B FEPI{EFR A~ mAP(mean Average Precision) .

A 5% 43 0 7E 5 0E 4 AR 4 R AL T
VoxTNT J7#% . FESUESE b 3PN J7 7R « 7 4
HIFFEU S — e 5 ], FE g iE AR 1 11~ Tl
% {6 (R11) T ) AP (Average Precision) X VoxTNT
T BVPAREE R I 5 G M) SR B R O R AT L
o FEMEREE LAY vk R - 7E 40 AN 4 [0l [
{8 (R40) T 1144 AP F1 mAP , ¥ Vox INT #™ J& % i [y
BRI, -5 M 5 5 A T A

(2) WOD A8 ¥5

WOD R FHOBUAE B PPAG R 7« SRl 48 A5 v FH 2
T P-R i 4 ii AR AP 1532 (X T KITTI Y 11/
40 PSRBT R0 ), [R] AR M 5 ) A fia) JERA 4 Tn
BOF-HI45 1 APH R AR APH 7EAG 58 AP 3R I, 3
b H bR 1) 152 25 (4B R BB IE PP BGE A AR
A 0 AT B Ty ) 4 OGS Bl 2 R0 TR A
BE o BT DA A 28 R R 5 L At A I 4 | 1) T
FopE, SO AR A 30728 B e SR O B 2 A DAL A R
PE o B AT N AT # 2 BI ToU BIE 53 51 2k
0.7.0.5F10.5, ik 298457 1& 2 Mk S0
1% (L1, B A #3551 LIDAR A UHE £ Box) 12 ¢
(L2, A /0 1/ LiDAR 5 UHE £ Box) .

3.2 LI FE
3.2.1 KITTIHdE 4
TE KITTIAHE 45 F JE TR 2 OB ) ARSI 5 6

i A Z K/N0.16 m, 0.16 m, 4 m]F1[0.32 m, 0.32 m,
4 m]E AR 2 Fp RS B, S T T ERR,
AR5 K 1T TET 2 P A R KN FR R 7=0.16 F1 V=
0.32, 5 FARTE B P i BRHAS L A9 R 1
B H 8 1679, PointSetFormer Fl VoxelFormer &S
T BROBURS 43 SRR hy Jed 38 BB A L, 1 4 ) Bt
5 Lo AHFSE S IAE 1=0.16 Fl 1=0.32 W FfH A X
SN W T AN [R] Ry B R L, R4 R B e L, 21
A% Vox TNT #a I 4: RE 4 52 1]

()RR

EEXEARTRIRE I B AR (R4 AT AT ) I E
Z AR R S S RS , 1% 1% 4 )2 PointSet-
Former M %%, KREESENE 2 7w .

1R 25 f4) it ¥ PointSetFormer /2 12 10 4 Ik
(VoxelFormer [F] % ) , /R Z 1 X/Y $ilig )2 A% (an
1R V=032 > $2)2 17=0.64) , FrE4EEZEE K
16.32.64 128, v B 2wt (PE )71 56 £ 8 0 64

SRR URIR S — A 7 4 IIHRIE (x, y, 2, 7, Ox,
8y, 6z) , JFAd 1T MLP H4 Bt 31) R £ 58 ) B Rk
it . Hod(x, y, 2) 4 A5 R 3D AR AR Ry S S R
{8, (0x, Oy, 0z) F 15 A AR 55 1R R X 8k P 434 a5 A B
FHEZ %,

(2) YN FnHERE

YIRS A S S B AN 36 3 R o

AMWFFEH Second™ H (1) 4l 1 15 BNV FHAE LY
BRI X T R B B | AR 5T 43 51 10 Vox-
el R-CNN™HI Part-A>-free™ [l 4 B IR B . T2 48 H
A, TCIe 2 LB B A & W Bk, v 4 AT AR
W A7 35 K I 55 24 1) anchor /1N DG e A7 v 305476 450
P S B bR . T H AL S HOR E AT A
OpenPCDet™ T HAf M BRIN B .
3.2.2 WOD %44

FF X WOD Hi i 4 14968 KB RE P (L4504 B

*2 RESHERE

Tab.2 Model parameter configuration

Lol SRl A4S N
3 N e |l:‘ S ;H\: i
e N s S s
" 032 KITTI: (8,16)  KITTL: X:[0m, 69.12 m], ¥: [-39.68 m, 39.68 m], Z: [-3 m, 1 m] FEKITTI R, (i

WOD: X:[-74.24m, 7424 m], Y: [-74.24 m, 74.24 m], Z: [-2 m, 4 m]

P15 I

[
[
(TN KITTI: 0.16 KITTI:(8, 8) KITTI: X: [0 m, 69.12 m], ¥: [-39.68 m, 39.68 m], Z: [-3 m, | m] TE KITTIH , {6 FH i 5%
WOD: 0.32 WOD: X: [-74.24 m, 74.24 m], Y: [-74.24 m, 74.24 m], Z: [-2 m, 4 m] 543038 Rl
Bt 032 KITTL(16, 16) KITTL: X:[0m, 69.12 m], ¥: [-39.68 m, 39.68 m], Z: [-3 m, 1 m] FEKITTI A {5
WOD: X:[-74.24 m, 7424 m], ¥: [-74.24 m, 74.24 m], Z: [-2 m, 4m] 553 FIRE
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*F3 NHESHEE

Tab.3 Training parameter configuration

e 25 R ERINEE ol P Bk I
& AT 55 S VIR B AT R (4545 Voxel R-CNN)
AT KL (454 Part-A2-free)
GPU i 1xRTX 4090 1xRTX 4090
YIZRJE 120 epochs RA/554T4 : 110 epochs
17N :100 epochs
A TR Adam W X 5 5 (Voxel R-CNN / Part-A2-free)
)R BItE 0.015, BfLJE BItE 0.015, BLJE T e
Byt BH e v [0.85, 0.95] [0.85, 0.95]
RN 2 2
A R 0.01 0.01
PR s 1 - KITTI: (16, 8)
WOD: (4, 4)
HAh 2 - VB4 74 HABSHS Voxel R-CNNMT-—2

TN HAZHE Part-A2-free™ —F

23 (8] 5 26 30 Fl o 235 B KITTI Y 6 4% ) , A BF i 3
DL SR S S I8 T R AT - e e AR
25 [y BE ™ K A OpenPCDet™ HE 42 1) b v 52 56 P
W, 2R FH A3 2 SR TR W B 24 20% B ZRBEAR A 7
SR, BRORIE B 73 A 1 56 e 1 SO Rz il
BRNAS s HLVR, TEVE RE IS UE R | A% AR U g
S (L1/L2) VAR BIMSL, SR 2505 B (AP) FIVKS 2 -
WL A FE bR (APHDAE I D PP 6 b, i B
D5 Y5 UE AR Y 4 i A PR 2 SR T Ee S T AR B

R HEL , 7E 7R IR 2 T 5 TSR BRI 24 5
B B Vox TNT 773 1 S 50 3 1T B 1 B Bk
DB R 3% R FH R B BEAG I Y =X T e 5 | & AT
A7 0 R AR o X 2 R A S 1 T SR
B T JE IR A 2 Bl Ak P A S5CR 2SR, R 3D
I A 6 000 B3 A 0 VR 37 BB BE T 119 W] 47 1 1 o 4
Hrs%,

£ WOD Hdli % I, A B 58 43 Sl e BV X Y. Z
Wh Y% 7E [-74.24 m, 74.24 m].[-74.24 m, 74.24 m],
[-2 m, 4 m]3t5 [l 4 (9 LIDAR 5 =, (A 2= R PR S
[0.32, 0.32, 6.0]c A T i 3R B R
R V=032, LT E I B BREAS LA R
W HE N 8 EE 161, (H ST 5256 2 A R, AT
FEXT Vox TNT 1) Jey 3B B ity L, F1 42 ) B i L, 58—
WHE R4,

(1) FA

TEZ AT N AT H KD, 55 — PointSet-
Former 2 IR 2 K /N Ry 17=0.32, BASK R A 24
A B AR 4 W IR KN XY iz 2N A

T J22 0 7 P AR AR 4 BE 4 31 Ry 16,32 .64 #1128,
/> PointSetFormer £ % 4 i 2% . VoxelFormerFFN
T[] J2 i A o

VoxelFormerFFN £ 7% 4 X VoxelFormer 5
R, 5 Set transformer” Fl VoxSeT"'— #£ , A fiff
32 4% PointSetFormer A1 VoxelFormer H' PE 455 Bt [i{) 7
TR BE IR 64

(2) Y

{1 11~ RTX 4090 GPU 4T T 65 4~ JE U1 ) i
g 25, -0 Adam SIS FEAT AL . 27 20 ik
O 0.001 5, Fifi 75 SRR DY SR M I e 0, 2 i i BELJE
T 9[0.85, 0.95], LAk, /N FIAS 2 9 73 3l
WHEAN2HM0.01,

HHE (anchor ) & JE NS AW SH R & AR
5% 34 OpenPCDet™ T LA ) ERIAN IR E .

3.3 KITTIHIBEXTLE LI RER 7
3.3.1 HLBY B 3D K25 X S
ABEFEE X 2 1T 3D H A kil s A AR 1) =K
WAL R R SR T R G oA . O B2 HERe R Y
T R 2 BB G, 035 B R 52
BLAS 5 @ A 2 ) o — 1k AR 25 A R — 28
H AR IEATR I, Wy A4 5 B PEAG T8 br 5% TPk,
AR TAER HT 11 55040 4> 181 S {E ARG B2 (AP)
S RETE AT LUPEREAR . R A TP A, A
SEER R TEIREAE 2 A0 JEIN - 5 E KITTLS k5
g R M 114 A [ B AR AP TR ML H
U, P G 1 A A A5 2 ELIRI S S 595 % (Car) A7
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A (Pedestrian) 517 # (Cyclist) 3 2kl (4 5B B
FEL T IEIATXT . 384X T EE 2 VoxelNet!'™ |
SECOND™  PointPillars™ Fl VoxSeT™!, K}y & 1143
B 3 2l T2 (R A 22 S W 4%, Hov,
VoxelNet 24K £ i 1Y 555K , SECOND & 1A & ik iy
BEOCHE (5 A i BRI 42 T3 %0% ) | Point-
Pillars &5 F4E 19S5 9K 7% , VoxSeT 2 A FIE S
A SE IR T 1

VoxTNT H By Bk I 45 5 5 1 i A B 2k
J7E X N2 4 s o R R S5 25 /A H
- AE T L (i R B R R 0 3 50) 3D Al
AL DR AR R RST | Ry 308 B A 0 4 J) o 7 A 1)
HAEA G, Bk R AT NS T, B X
R R, R 7=0.32 . L=16 . L=8; X F17T K
>R V=0.16 . L=8 \L,=8; X T R A7 Kl , >R
V=032, L=16 L=16, K525 45 R KW, 11K
% FF AT B 3D I h s T g =g
MPERE . Forp AR AT ARG rp O A B R R
H A5 R R X 3 A2 531 v 43 44t i e i I SRR
12 VoxSeT 5.14 . 4.82 1 2.81, 1 fi] & F1 v 25 X i
SO 10 B A7 A H 4 1) 40 5 B e E 1 R T vk
VoxSeT 1.59 F11.96, JS 48 15 446 MRS B2 W AR 124
e Al 7 ¥ ABATTE 0.5 15 22 3 Bl P A 43 55 — 6 A
PERE

x5 e L B scde 2 Ml fe o 8, ok
B FH R R S PR s 1]

(1) Gt — S BB A . ok HIF- 7 i & (17=0.32.,
L=16.L,=16) . £ KITTIEHE4E I BT 0 3 3008 -
FEAT NFNIEAT R I oSBT 42 1 405G , 491 e o
T R DRI 2 1 R A 7 AR I e 4 531 401 6 B 2 1 ) ik
2R 771 VoxSeT 2.47 Fi1 1.82 ; 7 fii B 2545 51l i By

A7 7 D v 43 531 43 5 die S 1F 19 JE 28 U7 1k VoxSeT
1.59 F11.96; fELE A 1658 mAP R 35 5] 70.41, 455 B
SR FELE J7 1k VoxSeT 0.8, TRZEAG I B MR A T f%
Je it 328 75 75 SECOND, {H B R 22 BE#R 7 1 LAY,
B PRFESE — R BA R BE

(2) ZBI 5 T5 58 LA 1 AP, AT B XA
[R5 3 N R e S E OB R (354 1=0.32 L =16,
L=8 17 N\ V=0.16. L=8, L=8. %i 17 #& V=0.32,
L=16 L=16) i FEAT R 42 T A i, 5080
FNZ T E LA 1808 mAP IR 5] 71.56 B M 7
2 VoxSeT 2T} 1.89,

RSEEREE IR K A BT AR B A T B 1 O ik
SEEL T HA ve 4 10 3D KR RE , O AR ARIE TR
ZERTI A FTHR T, SEBLT /N H AR I R 1) R
Tbo AWFFEE 1 22 ROE F 38 A AL, 76 KITTI
FRME B ST R IR B S H AR R B A ROP A
FEAERFIR A DN =okG B B IR s, 34k T/ B AR
R PERE o X FPEE T 32 205 25 T 50— 4 R R i 2
B (R IR TRV P Jeg s 4 Jay s M 118 350 k7 b £k o 245
REfE 2% 2] AR R ST 22 5 e R 4 5 b SE L
RUE H AR ¥ frka i
3.3.2 PR B 3D K2l SR X e sL s

BT i BF Vox TNT HE 42 v 3D 41 2% 5
(A 5, AS AR 3 Ao L R A 9 B2 3D kil
PR HEAT T RGEMESCIRE . BARTF AR
JH VoxTNT 55 Voxel R-CNNPIAHSE A (1) 244 52 5,
ZERNG AT F R, 5] B 45 5 Part-A*-free™ HE 42 52 1%,
AP o K KITTII A e B B ) 25 2R 4
A E KITTUE 7 IR BHR 5 R an 2 5 fros o 7E
A b, 5 0 T2 78 KITTI R B 7 HEA7 4%
2023—2025 43 T s 1Y 2= A T 2 S 28 B

F4 VoxTNT 5Z B E LT 357 KITTIHESE E 8K EL 3D M b
Tab. 4 Comparison of VoxXTNT and classic baseline methods for single-stage 3D detection on KITTI validation set

ik FRR (FUN Biti# AP
iy 24 &g R [EES hag PR 3 [EES hag PR
VoxelNet!"”! 81.97 65.46 62.85 57.86%  53.42%  48.87* 67.17 47.65 45.11 58.93
SECOND™ 88.61 78.62 77.22 56.55 52.98 47.73 80.58*  67.15%  63.10*  68.06*
PointPillars®! 86.46*  77.28 74.65 57.75 52.29 47.90 80.04 62.61 59.52 66.50
VoxSeT!*! 88.45 78.48 77.07 60.62 54.74 50.39 84.07 68.11 65.14 69.67
Vox TNT(fefE4H A) 88.52 78.20%  77.03% 65.76 59.56 53.20 85.66 70.07 66.04 71.56
Wi -0.09 -0.42 -0.35 +5.14 +4.82 +2.81 +1.59 +1.96 +0.90
VoxTNT(Fi—ZHfsisl)  87.58 77.83 76.48 61.12 57.21 52.21 85.66 70.07 66.04 70.47
Hi -1.03 -0.79 -0.90 +0.50 +2.47 +1.82 +1.59 +1.96 +0.90

TE AT 3 M 7740 LR R RIZR R 28 8
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*5 VoXINT5ETRafEZEGEE KITTUMR & R E 3D #RxTEE
Tab.5 Comparison of VoxTNT and Point Cloud based 3D Detection Methods in Two Stages on KITTI test set

ik FRR (PN Lo P
(L hag I LT A A A a7 o A R 3

PV-RCNN++8" 90.14  81.88 77.15% - - - 82.22 67.33 60.04 -
DFAF3D™! 88.59 79.37 7221 47.58 40.99 37.65 82.09 65.86 59.02 63.71
BSAODet"" 88.89 81.74 77.14 51.71 43.63 41.09 82.65*  67.79 60.26 66.10
PG-RCNN™! 89.38*  82.13*  77.33 - - - 82.77 67.82%  61.25 -
PASS-PV-RCNN++#! 87.65 81.28 76.79 47.66 41.95 38.90* 80.43 68.45 60.93*%  64.89%
PV-GNN_Cyc&Ped"™ - - - 4878*  42.00% 3691 78.58 62.54 55.28 -
VoxTNT 90.51 81.74*  77.22 50.92 43.87 40.53 83.37 68.53 62.13 66.54
M +0.37 -0.39 -0.11 -0.79 +0.24 -0.56 +0.60 +0.08 +0.88 +0.44

TE HERT 3 A 77 A3 LR R RIZ R 58

1) B Se ik 5 ¥, A0 45 PV-RCNN++"" DFAF3D" |
BSAODet“! | PG-RCNN™! | PASS-PV-RCNN++*" F|
PV-GNN®, S5 45 LB

(1) TES AT KM 55 vh | A 5 Wk A i A e 32
o) (fa B o2 R ) Y U T 4

(2) ZE VR AR I 7 B8] ) AT ARG (&5
G55 h R RS A 5

Q) EGEA T FEAR T TH , A7 L) 66.54 ) mAP
(B CPT A 28 300 YR B ) A B B 8, Bkl O vk
PV-GNN"4F} 0.44 mAP,

(EAS VE R AR, XI5 2 I A PR R L 3 A A4
IAE B — H AR AT 55 b, 5 S A E A ) RO AR
[ 25 H AR L5 AR RE 77 b 33X Fb b e I 56
UE T A5 2 Hh ) JR i — 4 Ry R AIE B3 [] 2 > WL 7
A 8 I A T b A A 2R 3 N R FH 2 R Y
A& SRR AT R AR R A, AT B R 2R X dk
(i) S it 24 7 %) B AL AR 4 Jm T SUfE R,
WIS T 2 RS2 B W sh A8 -l . 58
B 25 B, R OBLIES A8 RRAE 27 > Fil A O s o 2 4
Fb 7 BRE AR S 2 T g b ok 22 RUEE H B
IS TR P K T R T, R R AR A B A 3 % A
DX P S 1 (b 80 B2 1)) B b AN RUBE H A B

RO R BN HAh R E R T HER B
R B SRR S, L5 A R ARG 2 ) 4 5 3 RE
A IE A3 25, 3O AR 3D H AR A 5 4243 T
AH AR AR o

3.4 WOD #iBEXTLE SLIG R B R 71

55 4iE Vox TNT J5 2 7F WOD L iz b PEfig
ABFFEBETT TR S HESE : BE S AT I 255K
T FIASEAR 24 ($42R FH 20% VI ZR4E ) i 20 3L A 5 BE 3D
1 A5 2 (CenterPoint™ , SECOND™ Fl PointPil-
lars™) 1 S HE M, 52 90 25040 ™ 4% 35§ OpenPCDet™
BT RATHHEMENNAZE R . iR 6(APFEIR) MK 7
(APH #6845 ) i, PPAG AR R AL % 34> B A 28 31 HE
2ANMERE SRR 1 6 A% O R AR —— 44 (Vec_L1/
Vec L2) 47 A (Ped L1/Ped L2) %547 % (Cyc L1/
Cyc_L2) , BRIHE bR 441 5 F- YooK 2 (AP) S5t ) £
INAURS B (APH) AUE B it . SEI o3BT 3R A

(1) /N EHARK I AL e - AEAT N5 B 47 3 R AT
5%, 42 1 45 5 SECOND™ Al PointPillars™ 3 £k 5
2, 4N L2 25 B9 AT N RIS AT K 15 %) 63.86 AP
(43 9 451 ¢ SECOND #il PointPillars 3£ £k 11.6% FI
9.8%) Fi1 63.35 AP (435l 451 ¥c SECOND #I PointPil-
lars FE£8 15.24% F119.1%) .

6 VoxTNT 52 8EL 75757 WOD 1 IESE LAY B ER 3D #MIRT L (AP $547R)
Tab. 6 Comparison of VoxXTNT and classical baseline methods for single-stage 3D detection on WOD validation set (AP metric)

WIRFS Vec L1 Vec L2 Ped L1 Ped L2 Cyc L1 Cyc L2 mAP
SECOND™ 70.96 62.58 65.23 57.22 57.13 54.97 61.35
PointPillars®" 70.43 62.18 66.21 58.18 55.26 53.18 60.91
CenterPoint™ 71.33 63.16 72.09 64.27 68.68 66.11 67.61
VoxTNT 69.74 61.32 72.49 63.86 65.76 63.35 66.09

TE < HEHT 2 A9 77 5000 ORI R RlZe g8
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Tab.7 Comparison of VoxTNT and classical baseline methods for single-stage 3D
detection on WOD validation set (APH metric)

Jrik Vec L1 Vec L2 Ped L1 Ped L2 Cyc L1 Cyc L2 mAPH
SECOND™ 70.34 62.02 54.24 47.49 55.62 53.53 57.21
PointPillars™"! 69.83 61.64 46.32 40.64 51.75 49.80 53.33
CenterPoint™”! 70.76 62.65 65.49 58.23 67.39 64.87 64.90
VoxTNT 69.19 60.83 62.29 54.71 64.46 62.09 57.21

TE HFRT 2 M9 77 5000 LA R R RIZk g8

(2) B5 20— B0tk - B SR J AG I 46 A 22 T
CenterPoint™, SECOND" #ll PointPillars® 3 />t 2k
D71, H 2 B R 2 5 61 7E 3% LAY, I FLTE 34251
B ZE G +8 b mAP Fll mAPH %51 5'c SECOND™ A1 Point-
Pillars™, ] UN£5 4 36 b5 mAP 1k £ 66.09 43 51| #
SECOND #l PointPillars 3% £k 7.7% 1 8.5%, & 1] Jy
TRAESETE /N HARRIN i S At 5L B 2 ] A AR e
MIHETT

AT B LI 45 T 2 4E A BE S UE T 5 vk 1
ACEREIR B, BARR I AE 2 ML O LT
23 ) A B P S 30 B T A Al 28 44 28 3l P — 3 ) LA
BHLE, B A 2 T R LAy 54 ) b
TSCRRE P R 2 2, R S A AR )
Yy a5 (8] 43 A, 52 B0 ROEE H bR g sz B 1 2 A8 3k
Bic, JCHOR G T RN RO B bR (%174 ) 19 JL
I RAEBE ) ; @ $2 0 I 58— FRAFE RAFAE S8 1T =
B AL F S N R Al S SR A R T A%
G205 vk L H AR R SR R B S BT AR ),
XS S0 28 BT A3 B UE T AT 5% Y4 4 Ak S 38 R 4
Jeiy SR AZ WP R 4 AL P 3R AR, I BIHT Y )R -
4 JRy R AE DM R SR W A 3D a5 2 H BRI 2 0L T 87 1

I, R AR A AR Sl U S 2 RO A AR IRy
TR L 25 A AR I (L

3.5 JHRASELG
3.5.1 KITTI#i4E

A FY FEEAE KITTUE 4R il 7 — R 51H
RS, DL T i Vox TNT HAS [ 43 BOVE H -

(1) JRy N 42 SRy B i AN [ 21 A 1 52 il

AWFFEAE KITTISG UESE FBF X5 5B B 3D A6
i Z T (Voxel Size, V) 55 B ik 15 (Local/Global
Latent Codes, L,/L,) )2 Gl & %00 & T R Gi 1 47
Bro PRIRTEE AP T 11 4 (8] (R 26 B, 25k 8
FIEE 9 Fir 7, e 5 1 22 73 7 (Range) ~F- 34 {H (Avg) FlI
S 4 48 %] i 22 (Mean Absolute Deviation, MAD ) ¢
THEPR, #8787 ARISEE A 0 228 B bR il ih 2=
AL M AL

2 V=0.16 B : X T IR AERG I, A 22 F1-F
Bio XP iR 2200 F& , i 4 A i BUSPE R AR, &
AR R 2 %) Jeg 38 5 4 J) B Ath %) B3 ) 7 A 2800
PEAR R EE R RAE , (H 2 L=8 | L=16 I RCRAHXS
B s X TAT ARG, DA 25 11 35 268 X6 15 22 L

&8 KITTIIESR EAERRESE & #IF I (1=0.16)
Tab. 8 The impact of different combinations of latent codes on KITTI validation set (}'=0.16)

Rz . . R TN AT H
e : R R RE fR % RE fR % e
V=0.16 8 8 87.58  76.16  70.32 6576 5956  53.20 8443  66.08  63.86
8 16 8857 7712 7115 6242 5620  50.95 8234 6597 6243
16 8 86.92 7574 70.50 6379 5790  52.63 8123  64.14  60.69
16 16 87.60  76.15  70.76 63.16  57.17  51.97 86.00  68.99  64.70
Range 1.65 1.38 0.83 3.34 3.36 2.25 4.77 4.85 4.01
Avg 87.67 7629  70.68 6378 5771 52.19 8350 6630  62.92
MAD 0.45 0.41 0.27 0.99 1.02 0.73 1.72 1.35 1.36
BAE  REWLA8. L=16) 8857 7712 7115 6576 5956  53.20 86.00  68.99  64.70

HE ATALF8. L=9)
¥iTH(L=16. L=16)
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9 KITTIXIESE EAREFR R AR (1=0.32)
Tab. 9 The impact of different combinations of latent codes on KITTI validation set (V=0.32)
k% . ; PR TA Yifr
Rof ' ‘ N i S . O i SN | S & S S
V=032 8 8 88.20 78.20 76.92 60.21 55.68 51.07 84.93 66.51 63.51
8 16 88.52 78.20 77.03 58.01 53.29 48.93 85.06 71.03 64.95
16 8 87.81 78.06 76.66 62.27 56.58 51.98 81.97 64.90 62.24
16 16 87.58 77.83 76.48 61.12 57.21 52.12 85.66 70.07 66.04
Range 0.94 0.37 0.55 426 3.92 3.19 3.69 6.13 3.80
Avg 88.03 78.07 76.77 60.40 55.69 51.03 84.41 68.12 64.19
MAD 0.33 0.13 0.20 1.29 121 1.05 1.22 242 131
Rtk HAE 88.52 78.20 77.03 61.12 57.21 52.12 85.66 70.07 66.04
WA (L8, L=16)
(PN e
(LF16. L=16)

AR E SRR Y L8 L =8 IR R i
U, BT R B FEC R 235 A6 0T /N RUBE A 48 8 AR AIE 119
TR A HAN G TSR DA —E 5w
T3 R F AT R, AR 22 FOF- X e %R 250
A, R ESBUERNE, S L=16 . L=16 &R
B O UE T TR 2 BB X 5 S5 sh A d AR A AL
PEo I, 25 v=0.16 AIH , AR 5T @21 510 1
R A5 R L=8 . L=16 W &S5 51 H
XTI B AR B X AT AR R B 5t R L=
8. L =8 M & 419 BIAH X B AP 45 5L s B % A
I B RS, R¥M L=16 . L=16 414 7] A3k
TR AP S A 0 B Z R 220 Hir &
Febse LR L=16 L=16414 .

M 1=0.32 I, AR 25 RSP 4 %R 2508 T
EE R Rl [ S S S E R Gl N [E R NS E K B
Rl RN S TR C v al 2eL WAN = 7y il
TR RS (K B S AL A o ARE X A5 R H, AR
WFFE AL EH0 R 1T AR 50, R L=8 L =
16 A 215 B R ARROR X7 AR T 3 T4

M, R L=16\L=16 #2055 215 2 AH X B4 1Y 45
F R EA Z R 2R BERm Y5, aT L
KM L=16 L=1641%4

(2R ZE R 52

AR SOKE V=0.16 F1 V=0.32 F F S 0 K6 I 7 % 1l
SEE AT AN 10 s o XTI, g
S IE SR m LR )y 58 AR RST v=0.32 T 1Y
RSO AR T4 ARLSR & TRl — O e 5 5
AR B, MR 1=0.16 T BIAT NG I 355 48 T
U, H2EBEBK s X TR AT E R, ZEAR R RG] v=
0.32 T RIS R B A, (H 22 ARG T ARSI AL/

PRIt , 545 Jmy 8 4 Jmy B RS 20 5 O 58, B4
AW L X FRER I, B R FH 1=0.32 L =8,
L1633 FAT N BE%RH 7=0.16 L=8 \L=8; % T
AT, B %R V=0.32 . L=16 .L =16 £ X 2
AR 20N AN E 2S5, TR =
0.32.L=16 . L=16 415 .

BEXF S BRI 37 5 48t T 2 2 SR - (D) B
Z MR 5t R 3 A BC & S 2 B bR BB R

F10 FEKITTIEIESE ERERN S RAFHESTEE

Tab. 10 Comparison of best detection scheme and average value on KITTI validation set

% ) K (GUN Bt
X H 5 — - . p . o P Y

N} fAj 2 A PRI X ey 2 A PRI XfE HES A I
V=0.16 RAEAE 88.57 77.12 71.15 65.76 59.56 53.20 86.00 68.99 64.70
V=032 ek 88.52 78.20 77.03 61.12 57.21 52.12 85.66 70.07 66.04
et 88.52 78.20 77.03 65.76 59.56 53.20 85.66 70.07 66.04
RAENHTT4(V=0.32)
FA(7=0.16)
V=0.16 Avg 87.67 76.29 70.68 63.78 57.71 52.19 83.50 66.30 62.92
V=032 Avg 88.03 78.07 76.77 60.40 55.69 51.03 84.41 68.12 64.19
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@ mHE s N 2RI R G
L PRSI g 20 R TS DU B

IR MR A B A R R FRORLE 5 R
AR BERALA OCR , nl A 22 5838 A [F) 4 5 75
3K LKA B Bl 2 IR AT B R 4 i [ s - A4
TEZEMISKHE

(3) PointSetFormer Fl VoxelFormerFEN £ 111
A1

YAl 3D R A7 > HEZE A O 2H A b [l A
AR KITTLS IESE BTt 1T RS040 Al ok
55 (3R 11), B 76 5L b v 4 B 5, VoxelFormer-
FFN J& F PointSetFormer [} N B BB, It LLAS iF 58
TG %t VoxelFormerFFN HE 47 Bt (%) 74 il 52 56, 512
55 5 £ T PointSetFormer 444 (1) — 2 R 1iE 2% 2] HIL T
— it #s R RRTE ) | VoxelFormerFFN H [&]
P (42 R R IR 58 1) 5 il 2% CREDE L&) RS 5 4L
W, 4878 AR R B (D 4L 78 V=0.16/V
=0.32 AR KB &, [F B B PointSetFormer £
VoxelFormerFFN 21 45 BH I $1& =y A Mk g, o H2
TEAT NN 47 2 5 D0 v 280 R 5 B 4 3 U B Point-
SetFormer 21 {4 14 2 B 254 FH 249 7 1) 28 S R T L
il 27 2 7R 2 X3 N 1) JR) BB R AIE L PointSetFormer 4]
414 R[] 4 VoxelFormerFEN 1 FH 24 i 19 28 i &
T3 AL S B R 2R 19 42 JR R AE 2% 2] R PointSet-
Former 28 {4 i) i i 25 S5 90 Jm 38 5 4 e A1 k5 1Y)
M 3D FRIE 2 ) J5 R A A 5 @ B BR Voxel-
FormerFFN : H {#i Ff] PointSetFormer £H {4 , {H A~ fii JH
VoxelFormerFFN 4114, 23 Bt [ AT RS B2, J6 L
SEPEAT N RIS A T 2R I T T 8 i R R (gl an, 7
KRR/ V=0.16 T, o4 XEEE U0 094 T NS4
RIRS B 23591 F B T 2.89% F14.75%) , 3 1t B i 42

1 VoxelFormerFFN H [] 438 iof 2446 4 Jry o 32 By
S 5 AR R A B AT 3 5 A A R B TR T g 2
KHEEE IF BT /N B br g A I e
@ 24 4Bk : PointSetFormer 1 VoxelFormerFFN
B PG OL S FEAT NS A 735 e i v
TR I 2 (AN FEAR R KN v=0.16 T, Hr 2k
FE 0 BOAT NG A7 2 K 43551 R B T 10.80% Al
10.04% ) , i i — 25 UL A AS Bff 55 18 4 1 35 4 b 8k Az
PEHLH T Jr 30 -4 Jm R AE B [ 56w i A RGPk, 0 H:
S /N HAR LT R AE

H i T Bl S 56 7] %0 . D PointSetFormer Al Vox-
elFormerFFN ixX 2 > O 8l 28 {4 5% A ] ROS) A [\] 26
i E B 4 3D K R RE AR 1 AR T @ 5 ¥ AT
FAAT N IAE EE , P54 A D%y 58— 4 Jmy R AIE T3
[i) P R A A A X A1
3.5.2 WOD %fi 4

HT T 52 B8 11 2 A7 BRI (A7 55K RTX 4090
GPU) , Joik 47 Jmy /4 Jr B s (1) 45 Fh oA [R) 2 &
(10 8/8.8/16 55 ) 2l , 0 TCIEMNAHE LK K R T
ARSI ZE 3, Rt , A58 35 EEAFSE T VoxTNT H &
i 2H 14 PointSetFormer ll VoxelFormerFFN X} 3D £
WA PERE S M (6 12) o T 78 52 PR HH A% B e
VoxelFormerFFN J& T PointSetFormer [/ PN B FL
FIr LA JC 75 %F VoxelFormerFFN 3F 47 Bt 19 7 il 51
5, S8R AT PointSetFormer JEH4 1) = ZURHIE
B ——F b 25 Omy FF AR AE 42 HL) | VoxelFormer-
FFN R[] {4 (4 JR R 22 ) S5 gt g CRRIE AL 5
(AR AR, 87 AT A A 3 .

(1) 4= 20 14 e & « [W] B PointSetFormer il
VoxelFormerFFN 2 5 #Ad HIAH [, KiE$E T T
B AT NG AT B A TORS B2, 33X U I AS A 5 14

F 11 FZEKITTIFE £ Vox TNT &40 il ah 2k SR EL 45

Tab. 11 Comparison of ablation results of various components in VoxTNT on KITTI validation set

M D (TN Uy
% PointSet Voxel
ointSe \ o . e -
INu) Former A 5. g I X i H rpgE PRI XfE fij 2 g R X
Former
FNN
V=0.16 v v 88.57 77.12 71.15 65.76 59.56 53.20 86.00 68.99 64.70
v 87.82 77.61 76.26 65.16 57.84 51.90 85.09 65.71 63.33
X 87.79 77.30 71.42 59.07 53.13 48.40 81.55 62.06 58.78
7=0.32 v v 88.52 78.20 77.03 61.12 57.21 52.12 85.66 70.07 66.04
v 87.59 77.79 76.57 59.89 54.57 48.82 82.50 63.62 62.28
X X 87.04 76.77 73.30 53.76 46.69 42.81 81.25 63.99 60.21

T LA 2R fR AR AL



64 FBERSC 45 : VoxTNT: 3T 2 RUE Transformer (1 25 22 3D HARKN )y 7% 1375
R12 XHEMHEWODIEIEE ERHRRE R ITEL
Tab. 12 Comparison of ablation results of key components in VoxTNT on WOD validation set

F Vec L1 Vec L1 Vec L2 Vec L2 Ped LI Ped LI

PointSetFormer VoxelFormerFFN (4P) (APH) (4P) (APH) (4P) (APH)
v v 69.74 69.19 61.32 60.83 72.49 62.29

v 69.63 69.10 61.23 60.75 72.66 62.45

X X 64.84 64.21 56.72 56.15 63.39 46.12

Ped L2 Ped L2 Cyc L1 Cyc L1 Cyc L2 Cyc L2

PointSetFormer VoxelFormerFFN (4P) (APH) (4P) (APH) (4P) (APH)
v v 63.86 54.71 65.76 64.46 63.35 62.09

v 64.03 54.86 65.38 63.99 62.99 61.65
X X 54.99 39.91 56.86 53.86 54.70 51.83

T PHUE R e (L

TR 51 b S 8 1 4y 52 M 5
TIE P[] 2 > SR 2 ALY o

[7] B {fi ] PointSetFormer il VoxelFormerFEN
HAAE H AR R DUAE 55 v R 90 22 Ak e RE R I .
SEEEE R BT T AR S AT 2
o RS B, AEAEAT AR b AR T s i, X
B4 AT T I T4 R B g 15 K B 4l &2 4 1, S 8T
N4k B iz s =X R AERE T T R

(2) # % VoxelFormerFFN : H i F PointSetForm-
er 2044, {H AN VoxelFormerFFN 2H 14, 75 H #5146
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A F VoxelFormerFFN ZH {4 2> FRAR 4240 5 35 11 &
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Fo XIS 0TI PR T 4 R B g i BE 46 0 = 4
i, FEUT AN ARL R s s R AEBE T R %

(3) 4 41 4 # % . PointSetFormer Al Voxel-
FormerFFN 20 4R B A7 (o FH B4 0, A &4 R
BRI BE T [ (9 dn, E L2 MERE 00 09 4240 AT A
IG5 A7 5 45 U Y AP 53 50 R B T 7.5% . 13.9% FI
13.7%. ) , ik i — 20 Ul B A BIF 5 4 1 1) 2 4 A S 330
JE&AZ W AT AR 4 JR B AZ ML T SR -4 SR R B
[) SR Mgt 1A A5, R LR e /N B T LRI RAIE

MR F 3R WOD H 7 i 52 45 7T 1. (D Point-
SetFormer fil VoxelFormerFFN 2 /™ 5& 4 4H {44 X AS [
RSF AR TRIZE 5] H FR ) 3D K04 BE # A i 25 1) 12
Tt , {H VoxelFormerFFN i 4 X} 47 A K& I kG B r= A=
TN RE A 3 R S SR R B S 4k
FEARTCIE LR A R 8 @ S5IRERIA
B AT 2 AT AR DU X 1) 48 Ak 1 Jay BB R A 27 2T AR
AR O R X D BB T ARSI T e
SeNi/IN B AR AR , DA TS5 RS RUEE 1) 3D AN .

B SR -y

4 Hg SR

4.1 Z5ip

AW RERT A B RG R T ETHABM
=2 H ARG 7 ¥ BT R D e e B R A —
FME T AR AFTE WP, 35 T R i — 4 Jmy REAIE T
] 27 ) 2048, WF 5 T @il BLUE Transformer [ 3D H
FRAG I J7 B Vox TNT, - i 5286 40 M B 3E 7 Holg
SRR, BRI
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o TEGKRR LRI 55 B XK R 8,
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FRA AT 55 1 S0 BT Bty oy et i n e BB B
i T, v A e BE GO A T AR DU RS B AP (3K 3]
59.56, % SECOND JEZL 42 (51 2 12.4%; ¥ Je 2 P By
BRI HESE  SEEVRE AT AN RIS A R 25 5
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AL R e R T ik Bz ARE T, Bl AN 2R A FR A
mAP ik %] 66.09 53| & SECOND Fl PointPillars J&
2 7.7% 1 8.5%, & W 7 IR AE ST/ H AnAS il i) 2
it b 5% 125 20 03] A A A Y g

(2) Y1 4 Jy SR A2 WF e T o ARG BB P 4
WK AR S (R R d A i SR Z5 IR R 29 9 22
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