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Existing end-to-end driving systems lacking ego-centric designs still suffer from
unsatisfactory performance and inferior efficiency, due to rasterized scene representation
learning and redundant information transmission.
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(c) Fully sparse Ego-Centric paradigm.

Framework of EgoFSD with 3 Components: Sparse Perception, Hierarchical Interaction and Iterative Motion Planner
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Comprehensive Benchmarking of EgoFSD on both Open-Loop and Closed-Loop Planning Capability

Open-loop Planning Evaluation on nuScenes val dataset Closed-loop Planning Evaluation on Bench2Drive dataset
EgoFSD-S can achieve great efficiency with 16.7 FPS, 9.3xand 3.7 xfaster than UniAD EgoFSD-S achieves both the lowest L2 error and best closed-loop performance with great
and VAD respectively. efficiency, showcasing the superiority and generalizability of our proposed method.
L2(m) | Collision (%) | Latency
Protocol | Method Backbone s 25 35 PAVEN 1s 25 35 (Avgl msy | FEST Method | Open-loop Metric | Closed-loop Metrics
FF* [10] - 055 120 254 143 006 017 107 043 - . — .
EO* [20] = 067 136 278 1.60 | 0.04 009 088 0.33 : E | Avg. 12| (m) | Driving Score ¥ Success Rate 1 (%) Efficiency 1
ST-P3[11] EfficientNet-b4 | 133 211 290 211 | 023 062 127 071 | 6283 | 16
1\/S11:£3 VAD-Base [17] ResNetsO | 041 070 105 072 | 007 017 041 022 | 2243 | 45 AD-MLP [45] 3.64 18.05 0.00 48.45
OIS | SparseDrive-S [43]1 ResNet50 030 058 095 061 | 047 047 069 054 | 111.1 9.0 UniAD-Tiny [12] 0.80 40.73 13.18 123.92
| EgoFSD-S (BEV) |  ResNetsO | 016 033 059 035 ] 0.00 004 018 007 | 677 | 148 UniAD-Base [12] 0.73 45.81 16.36 129.21
UniAD [12]1 ResNetl01-DCN | 045 070 1.04 073 | 062 058 063 061 | 5556 | 18 VAD [16] 0.91 42.35 15.00 157.94
VAD-Base [17] ResNet50 041 070 105 072 | 003 0.9 043 021 | 2243 4.5 GenAD [48] - 44.81 15.90 -
SparseDrive | SparseDrive-S [43] ResNet50 | 029 058 096 061 | 001 005 018 008 | 1111 | 9.0 MomAD [34] 0.82 44.54 16.71 170.21
Motrics? | SparseDrive-B [43] ResNetlOl | 029 055 091 058 | 001 002 013 006 | 1370 | 73
EgoFSD-S (BEV) ResNets0 | 0.16 033 059 035 | 003 007 021 010 | 677 | 148 EgoFSD-S 0.70 52.02 21.00 178.30
EgoFSD-S (PV) ResNet50 0.5 031 056 033|000 006 019 008 | 598 16.7 EgoFSD-B 0.66 60.39 31.78 180.63
EgoFSD-B (PV) ResNetlOl | 012 028 052 030 | 000 004 015 006 | 80.5 | 124
Necessity of Geometric Prior Qualitative Results of EQoFSD Effect of Iterative Refinement stages
s anon 7 NN BEV
Object Geometric Planning L2 (m) | Planning Coll. (%) | Number of Stages Planning L2 (m) | ‘ Planning Coll. (%) |
Selection Attention Ls 2s 3s Avg. Ls 25 3s Avg. Is 2 3 Ave | ls 22 35 Awg
1 0.16 033 061 037 | 001 0.08 0.23 0.11
100% X 027 047 0.74 0.49 0.10 0.21 0.37 0.22 2 0.16 033 059 035 | 000 004 018 0.07
Random (5%) X 028 049 0.79 052 0.08 0.17 0.38 0.21 3 016 033 060 036 | 001 040 022 009
Random (2%) X 033 057 0.87 0.59 0.18 030 051 0.33 4 016 033 061 036000 004 020 008
0% X 225 375 5.26 3.75 2.82 542 6.39 4.88
Attn (5%) X 0.16 034 0.63 0.38 0.07 0.09 031 0.16 LY
Attn (2%) X 0.16 034 0.61 0.37 0.06 0.08 0.24 0.12 \ T 4 ‘ 2 0 2 6
Attn (2%) Random | 0.17 036 0.67 0.40 007 010 0.34 0.17 I R A e::'
Attn (2%) GroundTruth | 0.14 0.23 0.33 0.23 0.07 0.08 0.10 0.07
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