Object-centric Perception for
Autonomous Driving

Foundation Model Group
Tiancal Wang

MEGVII B/




© E=1E

© PETRE7
€© MOTRE3!
O Z&mps




| BEV Perception |

BEV Radar

Radar

l."’
>
“le
L
o
-
® =i
..
»
. 2 .
¢ '
o' »e
-
>
LR . ..
>
- 1
n
L
.
= -»

i

BEV LIDAR

LIDAR

A
|
- -2 ' /— v
. - “yﬁ
2 R <
v ’ Y b ”
s Ry ‘ Pl A
4.7 K e
g o - ) .
y i, N B e .
Cy LA S el P '
' A /r\ i -y . €.”
o | =
: ¥ -
s
.

BEV Cam

Vision/Camera

& =P

” v
. IJ iI

___L
Z
%

— =

4

LN



| 5=94E MEGVII /g

OFT BEVDepth BEVDet4D BEVStereo
(Roddick et al.) (Lietal.) (Huang et al.) (Lietal.)
PanopticSeg FIERY ImVoxelNet .
DSGN (Gosala et al.) (Hu et al.) (Rukhovich et al.) StretchBLEY BEVerse
(Chen et al.) (Akan et al.) (Zhang et al.)
2019 2020 2021 2022
CaDDN LSS LIGA-Stereo BEVDet DIM MV-FCOS3D++
(Reading et al.) (Philion et al.) (Guo et al.) (Huang et al.) (Wang et al.) (Wang et al.)
M2BEV
(Xie et al.)
TopologyPL MonoDTR Graph-DETR3D
(Can et al,) (Huang et al.) (Chen et al.)
STSU DETR3D PETR 4 MonoDETR PETRv2 PolarDETR SRCN3D  ORA3D
(Can etal.) (Wang et al.) (Liu et al.) (Zhang et al.) (Liu et al.) (Chenetal.) (Chenetal) (Rohetal)
Transformer
2021 2022
Tesla Image2Map PersFormer BEVFormer CVT GKT LaRa PolarFormer CoBEVT
(Karpathy et al.) (Saha et al.) (Chenetal) (Lietal) (Zhou et al.) (Chen et al.) (Bartoccioni et al.) (Jiang et al.) (Xu et al.)
BEVSegFormer GitNet Ego3RT
(Peng et al.) (Xie et al.) (Lu et al.)

[1] Ma, Yuexin, Wang, Tai et al. “Vision-Centric BEV Perception: A Survey." In arxiv, 2022.



| 5E=94E MEGVII /g

N X 768 x 2 xw
16 16

Depth Classification Ma @
d H W : 512x 32 x32 —’ESIZXMXM
NXDX—x—

® sl
<+ BEV basedfEzZE " i
(f,':s:f Point Cloud et — RN
7
*BEVD :
* et i L W @ @ : / /_’ 3D Object
16~ 16 /k / Detection Head
64 x 128 x 128 256 x 128 x 128
7
‘0‘ BEVDepth T H W H W H W X
NX1152X1—6XE NX64XEXE NXDX64XEXI_6 @ Outer Product
“» BEVFormer s D) Pt
Image View Space BEV Space (© Concatenation

@ Up Sampling

------------ » Aggregate 2D features to refine object queries

------------ » Predict a reference point using a sub-network

A

+ Object centricfEZE

“*DETR3D

- Transform this 3D reference point into image space

*» Use the transformed point to index image features

Box,
O Pred,
Box,
*PETR -
eeoe
ResNet+FPN oo
Box,
Pl’CdI
eee
eee
“ Sparse4D
¢ Pred,,
Multi-view Images with -
Camera Extrinsics & i
intrinsics
Image Feature 2D-to-3D Feature Bipartite Matching

Extraction Transformation & Loss Computation



+ BEsTEIRD G

* Flef HIRERA 2

* ZISIBITRIVRFNRR

[1] https://thudair.baal.ac.cn/cooplocus
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[1] Liu, Yingfei, Wang, Tiancai, Zhang, Xiangyu, and Sun, Jian. “PETR: Position Embedding Transformation for Multi-View 3D Object
Detection.”" In ECCV, 2022.
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[1] Liu, Yingfel, Yan, Junjie, Jia, Fan, Shuallin Li et al. “PETRv2: A Unified Framework for 3D Perception from Multi-Camera
Images." In arxiv, 2022.
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[1] Wang, Shihao, Liu, Yingfei, Wang, Tiancal, and Zhang, Xiangyu. “Exploring Object-Centric Temporal Modeling for Efficient Multi-View 3D
Object Detection." In arxiv, 2023.
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Method Metrics
Date Name Modalities Map External mAP mATE mASE mAOE mAVE mAAE NDS
data data (m) (1-I0U)  (rad) (m/s) (1-acc)

Camera v All « All ~

>  2023-04-05 HoP Camera no no 0.624 0367 0249 0353 0.171 0.131 0.685
> 2023-05-03  StreamPETR-Large Camera no no 0.620 0470 0.241 0258 0.236 0.134 0.676
>  2023-02-07 VideoBEV Camera no no 0592 0385 0246 0323 0.174 0.137 0.670
> 2022-12-21 BEVDet-Gamma Camera no no 0586 0375 0243 0377 0174 0.123 0.664
> 2022-12-08  BEVFormer v2 Opt Camera no yes 0.580 0.448 0.262 0342 0.238 0.128 0.648
Method
Date Name Modalities Map External AMOTA AMOTP MOTAR MOTA MOTP RECALL GT
data data (m) (m)

Camera « All « All «

> 2023-05-03 StreamPETR-Large Camera no no 0.653 0.876 0.762 0553 0.564 0.733 17081
> 2023-05-17  E2E-Tracker-Base Camera no no 0582 0919 0.793 0.536  0.381 0.675 17081
> 2023-04-11 DORT Camera no no 0.576  0.951 0.771 0.484 0536 0.634 17081
> 2023-03-04  QTrack-StreamPETI Camera no no 0.566 0.975 0.711 0.460 0.576  0.650 17081

> 2022-10-24 MV-ByteTrack Camera no no 0.564 1.005 0.748 0.471 0.616  0.635 17081
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[1] Liu, Zhijian, et al. " BEVFusion: Multi-Task Multi-Sensor Fusion with Unified Bird's-Eye View Representation.”" In ICRA, 2023.
[2] Bal, Xuyang, et al. " TransFusion: Robust LIDAR-Camera Fusion for 3D Object Detection with Transformers." In CVPR, 2022.
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Metric Vanilla training Masked-modal training
CMT only LIDAR only Cams CMT only LiDAR only Cams
NDS T | 0.716 0.594 0.067 0.719 (10.3%) 0.677 (18.3%) 0.434(136.7%)
mAP T | 0.685 0.472 0.000 0.694 (10.9%) 0.613 (T14.1%) 0.386 (138.6%)

[1] Yan, Junjie, et al. " Cross Modal Transformer via Coordinates Encoding for 3D Object Detection.” In arxiv, 2022.
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[1] Dao, Tri, et al. "FlashAttention: Fast and Memory-Efficient Exact Attention with |O-Awareness." In arxiv, 2022.
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[1] Zeng, Fangao, Dong, Bin, Zhang, Yuang, and Wang, Tiancai. “MOTR: End-to-End Multiple-Object Tracking with Transformer." In ECCYV,

2022.
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Methods HOTA  AssA DetA MOTA IDFI
CenterTrack [11] 41.8 22.6 78.1 86.8 35.7
FairMOT [13] 39.7 23.8 66.7 82.2 40.8
QDTrack [20)] 45.7 29.2 72.1 83.0 44.8
TransTrack [29] 45.5 27.5 75.9 88.4 45.2
TraDes [1(] 43.3 25.4 74.5 86.2 41.2
ByteTrack [12] A47.7 32.1 71.0 89.6 53.9
MOTR (ours) 54.2 40.2 73.5 79.7 51.5

Methods HOTAT AssAT DetAT IDF1t MOTAT IDS]
CNN-based:

Tracktor+-+[2] 14.8 45.1 449 523 53.5 2072
CenterTrack|!] 5H2.2 51.0 53.8 64.7 67.8 3039
TraDeS [10] 52.7 50.8 55.2 63.9 69.1 3555
QDTrack [20] 53.9 52.7 55.6 66.3 68.7 3378
GSDT [25] 55.5 54.8 56.4 68.7 66.2 3318
FairMOT|[13] 59.3 58.0 60.9 72.3 73.7 3303
CorrTracker [32] 60.7 58.9 62.9 73.6 76.5 3369
GRTU [33] 62.0 62.1 62.1 75.0 74.9 1812
MAATrack [27] 62.0 60.2 64.2 75.9 79.4 1452
ByteTrack [12] 63.1 62.0 64.5 77.3 80.3 2196
Transformer-based:

TrackFormer [14] / / / 63.9 65.0 3528
TransTrack|[2Y] 54.1 47.9 61.6 63.9 74.5 3663
MOTR (ours) 57.8 55.7 60.3 68.6 73.4 2439

Method

IoU match NMS RelD

TransTrack [2Y]

TrackFormer [1%]

MOTR. (ours)

v
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[1] Zhang, Yuang, Wang, Tiancai and Zhang, Xiangyu. “MOTRv2: Bootstrapping End-to-End Multi-Object Tracking by Pretrained Object
Detectors.” In CVPR, 2023.
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DanceTrack

Methods HOTA DetA AssA MOTA IDFI

FairMOT [15] 397 66.7 238 822 408
CenterTrack [17]| 41.8 78.1 226 86.8 35.7
TransTrack [2%] | 45.5 759 275 884 452

TraDes [ 9] 433 745 254 862 412
T ByteTrack [14] 477 710 321 896 539

5 83.7 ; 56.5 GTR [3Y] 48.0 725 319 847 50.3
73.4 ¢ 73.5 i QDTrack [27] 542 80.1 368 87.7 504
§ MOTR [+3] 542 735 402 797 515

57.8

32.3

OC-SORT [6] 55.1 80.3 383 920 546

MOTRvV2 (ours) | 69.9 83.0 59.0 919 71.7
MOTRvV2* (ours) | 73.4 83.7 644 92.1 76.0

54.2

HOTA DetA mMOTA  mIDFI HOTA DetA
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[1] Yu, En, Wang, Tiancai et al. “"MOTRvV3: Release-Fetch Supervision for End-to-End Multi-Object Tracking." In arxiv, 2023.
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Method End to end | HOTAT AssAT DetAT MOTAT IDFI1T
CNN-based

QDTrack [ 5] X 542 368 80.1 877 504
FarMOT [+] X 593 38.0 609 737 723
CenterTrack [++] X 41.8 226 78.1 86.8  33.7
ByteTrack [*!] X 477 321 T1.0 896 3539
OC-SORT [ ] X 55.1 383 803 920 5346
Transformer-based

TransTrack [ 1] X 455 275 759 884 452
MOTR [40] v 542 402 735 797 3515
MOTRvV2 [47] X 699 590 830 919 7T1.7
MOTRvV3 v 704 593 838 929 723

-.--'3.;__;-.-.-....-.-

g —#— MOTRvV2
—— MOTRvV3
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