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(a) Intra-frame object relations (b) Inter-frame object relations
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Figure 1 An example of intra-frame (a) and inter-frame (b) object relations. Green lines indicate object relations.
For simplicity, only a short sequence with a length of 2 is used to illustrate inter-frame object relations. Best viewed in color.
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(h) Final refined
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Figure 2 The pipeline of Ret3D. Ret3D is a two-stage detector that refines the detection results of one-stage detectors
efficiently. Ret3D consists of two parts, IntraRM (c) and InterRM (g), for refining detection results using intra-frame and inter-
frame object relations, respectively.

(g) Inter-frame
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(e) Temporal sequence
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(f) Object sequences
with track ID
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Figure 3 The detailed structure of InterRM. Given the tracked object sequence for each object, we perform lightweight
transformer-based feature extraction for individual refinement.
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T (LEVEL_1, LEVEL_2) R4y aldtATvil. Horb, 90 RA B S EE DT 5 kel
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*1 STEERIBRNGENITLLER. %R AE Waymo ATFIBENIFE FAiT@#ER. PV-RCNN*
FfERA LML £ OpenPCDet TAMAHPEH LA PV-RCNN. AXE—RM_FHEFRETRE TS
R, Ret3D HHLLIAHRZ S FEUS T EERA. SMAENBMRLL «“_nf” SR, RnEEER n DUHTEMN.

Table 1 Comparison with state-of-the-art methods for vehicle detection. Results are evaluated on the Waymo Open

Dataset (WOD) validation set!]. Results of PV-RCNN* are re-implemented PV-RCNN with center-based detection head® by the
OpenPCDet toolbox. Names of multi-frame methods are ended with “_nf”, marking that n frames are directly used for detection.

Setting Method mAPH mAP
PointPillars?] 62.8 63.3
LaserNet0] 50.1 52.1
PV-RCNNH - 70.3
PV-RCNN*4 78.0 77.5
PillarOD[7] - 69.8
RCDI! 69.6 69.2
CVCNet™ - 65.2
Voxel R-CNNI['7] - 75.6

LEVEL_ 1
PVGNet!'4 - 74.0
LiDAR R-CNNB4 75.5 76.0
RangeDet!™!] - 72.9
CT3DE] - 76.3
VoTR-TSD!?] 74.3 75.0
3D-MAN__16f[6% 74.5 74.0
VoxelNeXt[30 7.7 78.2
RSN_ 372 78.1 78.4
CenterPoint, 2115 74.4 74.9
Ret3D__2f (Ours) 81.0 81.6
PointPillars?] 55.1 55.6
PV-RCNNM 63.7 64.2
Voxel R-CNN['7] - 66.6
LiDAR R-CNNB4 67.9 68.3
LEVEL_2 VoTR-TSD!?] 65.3 65.9
CT3DE] - 69.0
3D-MAN_ 16£(60] 67.6 67.1
RSN_ 3f{7 69.1 69.5
FocalFormer3DP9 67.6 68.1
VoxelNeXt[30] 69.4 69.9
CenterPoint_ 2% 69.7 70.2
Ret3D_ 2f (Ours) 72.9 73.4

4.2 THHER

R ERMN. ASCEFTHRHA Ret3D HEZE il = h KR 14 M54 7 E37 5 . X
Ebas Bang 1 fin. E—HMEERE N, Ret3D £ mAPH A1 mAP 437l b5 1) 35 4 5 T4 i
2.9% F1 3.2%. {EFE BPbRIER 2 MEE W E N, Ret3D £ mAPH A1 mAP &S T 3.2%. iXib
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%2 SUATARERNSENILEER. ZRAE Waymo AFHIBEMIITE LRITEERL. Zhis %M
B “_nf” GE, RREFER n WUETRN.

Table 2 Comparison with state-of-the-art methods for pedestrian detection. Results are evaluated on the WOD validation set!].
Names of multi-frame methods are ended with “_ nf” marking that n frames are directly used for detection.

Settings Methods mAPH mAP
PointPillarst®! 56.1 70.0

PillarOD?7) 72.5

MVF [73] - 65.3

LEVEL_1 PVGNet!'4] - 69.5
PointAugmenting[™ - 75.4

RangeDet!™] - 75.9
CenterPoint_ 2f%] 75.1 78.3

Ret3D (Ours) 79.7 82.8

PointPillarst’! 51.1 63.8

Point Augmenting(™ - 70.6

LEVEL_ 2 FocalFormer3DP9! 66.4 72.4
VoxelNeXt/*l 68.6 73.5

CenterPoint 2% 70.3 73.3

Ret3D_ 2f (Ours) 71.9 74.9

% 3 DIAMNIE X REROYR. “* RRETERAZERNE 50 MEGHBEATIHERN. SREZLEEDN
WETER Waymo AFHBENIIEE! MXBHE.

Table 3 Effect of IntraRM and InterRM. “*” indicates that the computational cost is computed with 50 detected objects.
Results are tested on the WOD validation setl!! under the LEVEL_ 2 setting.

Overall Vehicle Pedestrian Cyclist
No. Methods # Params # FLOPs

mAPH mAP | mAPH mAP | mAPH mAP | mAPH mAP

1 | CenterPoint[®! 7.8M 127.7G 682 699 | 673 678 | 675 710 | 69.9  70.8
2 | No.l + Two-stagel® 1.5M 0.1G* 70.3 1.7 69.7 70.2 70.3 73.3 70.9 71.7
3 | No.1 + IntraRM (Ours) 1.4M 0.1G* 71.1 72.5 70.9 71.4 70.9 73.8 71.6 72.4
4 | No.3 + InterRM (Ours) 0.7M 3.2G* 72.3 73.8 729 734 71.9 749 72.2 73.0
Improvement - - +4.1 +39| +56 +5.6| +4.4 +3.9 | +2.3 +2.2

5 | SECONDM 7.8M 124.0G 59.3 64.7 65.1 65.7 53.5 62.8 59.3 65.6
6 | No.5 + IntraRM (Ours) 1.4M 0.1G* 63.6 67.0 66.8 67.4 57.6 65.9 66.4 67.6
7 | No.6 + InterRM (Ours) 0.7M 3.2G* 64.8 68.2 69.2 69.8 58.6 66.8 66.7 67.9
- Improvement - - +5.5 +3.5 +4.1 +4.1 +5.1 +4.0 +7.4 +2.3

3 N BGER Y, WARSC AR T ar EAS DN A SR T AR H A .

ITAGLERN. AT ANEARN T B2 B R IEE 2 AP Ret3D S =4
TAT NAL BRGNS R )25 4 5 3T LU X EE AR IR 207K, Ret3D £E— 0 A ERE T
() mAPH Xt RGN 5T T 4.6% A1 1.6%, X 5o T Ret3D 7EAT AL BT o (14 35
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% 4 MEXFARRPABRIGRIOTL. “PE” RERMAEBERG. 1ZXKE Waymo AFHIRERIIEETH
17, FHRB - REE IR BEHITITE.

Table 4 Positional encoding in InterRM. “PE” denotes the positional encoding. Results are tested on the WOD validation
sett) under the LEVEL_ 2 setting.

Vehicle Pedestrian Cyclist
PE Settings
mAPH mAP | mAPH mAP | mAPH mAP

Baseline 70.9 714 70.9 73.8 71.6 724
+ Implicit 72.9 734 | 719 749 72.2 73.0
++Temporal 72.7 73.1 71.8 4.7 72.6 734
++Spatial 71.9 72.4 714 74.3 72.0 2.7

4.3 RBISHR

MR 56 AR S i8] 8 RARSRAIRM.  IEAI7ESE 1 TR, ANSCIRZR T e 8 =R FH iy
FT AR 2R = 3L 3D A g e . Sk, ARSCERH T Ret3D HESE, ZAESE By M
B Rk, BT PN G SRS HORIM [E) ¢ R AFH. T 38R T H R I0T P DG SR AR HRORI I [ ¢ R A 1A 2L
Y, ARSCHHAT T ARG, g5 Rk 3 s, ARSCLLEE T A0 s TN CenterPoint® A1 T 4HEM
SECOND 2! 5l 28 Ay 3 B AT I 35 AT 5008, AR SCIEHE Ret3D 5 B CenterPoint!® (1% 7772k
SEARACEEAS R EE BE) EAT XL, SEER R, WA O RABEHUM L BRI 28 35 R T+ (7£ mAPH
FARTET 2.9%, 7€ mAP F3RTFT 2.6%), X BoR TR MNP SCR R, F TP 0% RAR R
B B CenterPoint 7 K 7 0.8% B mAPH F1 mAP 7}, F i 5% & LS r b Ak
TEEEL RN ¢ RBLIUER En AR D¢ R AT DU — P B E S THERE (mAPH #2717 1.2%,
mAP $##7+7 1.3%). &K, Ret3D M E CenterPoint!®! #£ 2 FE (& & R0 M+ T 4.1%
mAPH fl 3.9% mAP. & 3 HF 45 F B ER, Ret3D Atk SECOND? HEZEZE mAPH Fl mAP 4%
ST T 5.6% A 3.5%. LA L arAraR A, mi gy AN R 04k ¢ R TR B 3 B s 3D WAk
R EEAIE | e

N1 AT, ARCAER 3 A TS S AT EERE (FLOPs). %R RERHA
BRI 2 A SR A # L 100G FLOPs (No. 1, 5). —BrB# CenterPointl® (No. 2) 5IAT
AR /NI R 48 55 2% P ANTT 208 ()T SRS (0.1G FLOPs), PR e AN ik - 1 i PRI 41E 1] B dE 4T B g
b WP 9E RGN T 5 B CenterPoint!®! AH 24 [ 2% & 2% B RIS RAR, )i 32 200 17 ot
PR DG Z. TR DG FRABEHRLIRD I 2% 2 B LL i ) 0% RSN B B CenterPoint!®) B /b i [A] ¢ F A
PREE 2R E AR, ST, W] OC SRR AT B SR IR I A T B A28, (R EF T 3D Wikis
DRy v R

RIRIRE. 7R 3D WARKE I R B AT R AR R R ARSI T Ret3D HUIEATHE
BE, A SEEGAIAE A RTX 2080Ti & _E#EAT. JEF RTX 2080Ti &+, —FrBt CenterPoint )%k
MUFERT 297 130ms. M B ER (K BEITRE I 2158 2ms, T Wi [ AR B (1 AR TRERT 20 10ms, 5N REHL )
SFERF L — B B I ER 0 1/10. 1ZSREER I, RSN T HAMA T E B, Ret3D IR REE T2
BB AT 3R

12



T ERFE A5 R

x5 FEr MZETHL. ZEWAE Waymo AFHIREREIEE THT, HRA LML R EHITITME.

Table 5 The radius setting in IntraRM. Results are tested on the WOD validation set'!) under the LEVEL_ 2 setting.

Vehicle Pedestrian Cyclist
Radius
mAPH mAP | mAPH mAP | mAPH mAP

65.1 65.7 53.5 62.8 59.3 65.6
1.0m 65.9 66.5 57.6 65.7 65.1 66.4
2.0m 66.8 67.4 | 576 659 | 66.4 67.6
4.0m 66.8 67.4 | 57.6 65.8 66.3 67.5

® 6 HHMEERXRE m BEETHL. 1ZLWE Waymo AFFHUBEMISIEE T#IT, HRAZRMEEIRE T
.

Table 6 Number of iterations m for graph update. Results are tested on the WOD validation set!!) under the LEVEL_ 2
setting.

Vehicle Pedestrian Cyclist
# Tters

mAPH mAP | mAPH mAP | mAPH mAP

65.1 65.7 53.5 62.8 59.3 65.6

1 66.6 67.2 57.4 65.6 65.6 66.9

2 66.7 67.3 57.4 65.7 65.9 67.1

4 66.8 67.4 57.6 65.9 66.4 67.6

6 66.8 67.4 57.5 65.9 66.3 67.5

LB RADFEMIE X R BIRFIER. Bk, Transformert® 51 e 452 B AT (L B 9 Y
AN, BRNEOLR, ASSCAE e E il 45 R AT g d (WX (6) ), X ml LB R e Ui 2
frE gy, X, ARSCHNERAIN T PR SRR ) S 3G 65, RIS 1) 2 A5 B2 8] G, 3 ol 30 3 2 A
it D BRI B R O SEEL. R 4 Fros. AZSER RIS Z0N SR INmA 58 R
CenterPoint!® J5%. W LA BRI, A FHT IR 170 G B 2 Wl g ALK A RAT NS00 Rk e x94T
Fhl, MERE RIS IRTE. A2 i 2 AR T A =N MRS 2. DRk, A2 S vh A SCANR I
RS E D

Mo [E) AR o P 4R AR R AN 3E. A SCHLHE T Transformer AR 2% 75 Wi A) R He_E (25050, 5256 A
—PBft CenterPoint A& #5% e S il PR HAL AL R JE it 485 SRR BH ) 50 1R TR 5% 4D i [ A e 7 356 282 A6 1 2
LRSRFCN 0.5% mAPH, i F Transformer (52N 1.2% mAPH. ttAb, ERZE 5] N &SI
HEN 64.9GFLOPs, 1fii Tranformer 5] N5 &N 3.2GFLOPs.

MIRXRERPRFEEZE r WE.  EMIN R, AR ) B R R SR SO0, X T
BN R vy, AR S H AR AOOERL v; HFG 2B v K RIS P 0 AR . BRAR
BUT, v BOK, M B R, YEREHUBRGT, (FOX IR AR, R T ARSI SR A SCAE A %
FRAEHARRIAE R r EHAT TS50, SRR 5 R, ASUEH SECONDP fERHL. ARSURI,
r > 1.0m O& 2 TAT NFEMA BRI, X T5ATFHARW, r BROHEREEEE. 28, AR
r=4m B, YERERSA I FE, IF BB REE G 1 3 £, HR BRSO Z P, AR A&
HEFE r = 2m.
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W ERIARORE m. B T2 E R v DUEIE AR, A SCR] BLE R 2 JOEAA0AL B i
TRURFIE. ASCERR 6 RIS 1A RIS ARREO PERE I E . SRk 4y SECONDE)L. arBUEHL, AN
I m (B XS ZERAIAT N AL EAS I A PERE S AN K. 2 m = 4 I, EZEBAL EATI AT 1 B2
R, HAEAT AL BN PRI R, X TRATEAL BN, m = 4 FRCRREF. B, AOCHR &k
m = 4 AT E R

5 ZHip

T SR M A R RIS FREE T 3D WA (1 14 e 1 [R] I ORAE i 280k, AR SCHR
TR R AU HE . ——Ret3D. BRI 7 R B rRs iy 2, s i oA AT E] S SRR R AT 1k
B BRI A5 FRAS I 45 K. S5 RUIE ] 1 IX ARG SR R THA IR BE A EE 224k, /£ Waymo 24
T EIESERRAESE b, Ret3D BT 7 &3 PERESRTE. DL BAR I 96, Ret3D 73 Al fE— M —
PAMEFZHT mAPH _FAD T IR R K35 4 J5E S 1 2.9% A1 3.2%.
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T ERFE A5 R

Abstract Current efficient LIDAR-based detection frameworks are lacking in exploiting object relations, which
naturally present in both spatial and temporal manners. To this end, we introduce a simple, efficient, and effective
two-stage detector, termed as Ret3D. At the core of Ret3D is the utilization of novel intra-frame and inter-frame
relation modules to capture the spatial and temporal relations accordingly. More Specifically, intra-frame relation
module (InterRM) encapsulates the intra-frame objects into a sparse graph and thus allows us to refine the object
features through efficient message passing. On the other hand, inter-frame relation module (IntraRM) densely
connects each object in its corresponding tracked sequences dynamically, and leverages such temporal information
to further enhance its representations efficiently through a lightweight transformer network. We instantiate our
novel designs of IntraRM and InterRM with general center-based or anchor-based detectors and evaluate them on
Waymo Open Dataset (WOD). With negligible extra overhead, Ret3D achieves the state-of-the-art performance,
being 2.9% and 3.2% higher than the recent competitor in terms of the LEVEL_ 1 and LEVEL_ 2 mAPH metrics

on vehicle detection, respectively.

Keywords 3D Object Detection, Object Relations, Autonomous Driving
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