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01 Introduction

1.1 Precise Event Spotting (PES)
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1.1 Precise Event Spotting (PES)
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1.Long-range temporal dependancy
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1.2

JlE SB=: E2E-Spot, T-Deed, ASTRA, COMEDIAN, SpotFormer
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1.Long-range dependency siZ&

2.class imbalance do{{&
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1. ASTRM: spatial + temporal feature refinement
2. Bi-GRU temporal block: Z7| A|Zt 204 D&
3. Soft-IC loss: rare class= ¢|¢t feature compactness / seprability 2=}
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2.3 Bottleneck(i| ASTRM &1 = - ==
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2.3.1ASTRM

Adaptive Spatio-Temporal Refinement Module
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2.3.1ASTRM
1. Local Spatial block
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2.4 Temporal Block: Bi-GRU
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2.4 Temporal Block: Bi-GRU
Bi-GRU (Bidirectional Gated Recurrent Unit)
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2.4 Temporal Block: Bi-GRU

Why not Transformer?
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2.5 BCE Loss
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2.6 Soft-IC Loss

Soft Instance Contrastive loss= soft labelO| 27| = A=loj| &
feature=  compactstA| 2o 1 CIE SejAt= [ & Ee| =
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Training 24 34 1238 11391 19097 96
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SoccerNet V2
Tennis

Figure Skating (FS-Comp [/ FS-Perf)
FineGym
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Backbone: RegNetY200
Clip length: 128

Optimizer: AdamW + ASAM
Framework: PyTorch
Hardware: 4xA100 GPU
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SoccerNet V2: tight-mAP /[ loose-mAP
Tennis, FS, FineGym: mAP at 6=0,1,2
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4.1SoccerNet V2 &1}

Model Params (M) GFLOPs Tight Loose
Baidu (TF) [35] — — 47.05* 73.77*
SpotFormer [2] — — 6090 76.10
E2E-Spot (RegNet-Y 200MF) [14] 4.46 39.61 61.19  73.25
E2E-Spot (RegNet-Y 800MF) [14] 12.64 151.40 61.82  74.05
Spivak [23] 17.46 461.89 65.10 78.50
ASTRA [29] 44.33 8.83** 66.63 78.14
T-DEED (RegNet-Y 200MF) [30] 16.36 21.96 39.43% 52,934
T-DEED (RegNet-Y 800MF) [30] 46.22 60.25 21.57%  30.49%
UGLF [27] 4.46 39.61 63.51 73.98¢
COMEDIAN (ViSwin-T) [6] 70.12 22276  71.337  77.071
Proposed 6.46 60.25 73.74 79.11
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4.2 I'u_ —r=— P
Model Tennis FS-Comp FS-Perf FineGym

0=0 =1 0=2 0=0 d=1 6=2 9§ 0=1 6=2 6=0 0=1 0=2

TSP [1] + MS-TCN [8] - 90.90 95.10 — 72.40 87.80 — 76.80 89.90 - 40.50 58.50
TSP [1] + ASFormer [32] - 89.80  95.50 — 77770 94.10 — 80.20 94.50 o 38.80 57.60
2D-VDP [12] + MS-TCN [8] — - - — 83.50 96.20 - 8520 96.40 — — —
VC-Spot (RegNet-Y 200MF) [14] - 92.40  96.00 — 61.80 75.50 - 56.20 75.30 — 18.70  28.60
E2E-Spot (RegNet-Y 200MF) [14] 45.34* 96.10 97.70 22.08* 81.00 93.50 22.33* 85.10 9570 10.01* 4790 65.20
E2E-Spot (RegNet-Y 800MF) [14] 44.64* 95.16* 97.72* 23.95*% 83.40 9490 22.17* 8330 96.00 10.15* 50.11* 67.23*
T-DEED (RegNet-Y 200MF) [30]  43.49  96.17 9795 2892* &85.15 9170 31.87* 86.79 96.05 13.54* 53.73* 66.43*
T-DEED (RegNet-Y 800MF) [30] 44.08 96.42  97.05 27.59*% 84.77 9286 31.25* &88.17 95.87 12.42* 54.00% 66.70*
UGLF [27] —- — — — — — — — — — 50.20 67.80
Proposed 61.01 96.21 97.75 37.54 86.67 9553 4036 89.57 9738 1524 5231 66.57




4.3 Ablation Study

"

Method Tight Loose Analysis on Different Temporal networks
Analysis on proposed modules Baseline with Bi-GRU 61.19 73.25
Baseline: E2E-Spot (RegNet-Y 200MF + GSM) 61.19 7325  FProposed with Bi-GRU 7374 7.11
RegNet-Y 200MF + ASTRM 68.63 75.57 with Deformable Attention 6743 T72.15
RegNet-Y 200MF + ASTRM + SAM 71.89  77.50 with Bi-GRU 2 Layers 67.85  73.03
RegNet-Y 200MF + ASTRM + ASAM 72.65 78.58 with Transformer (L1HS8) 65.89 70.76
RegNet-Y 200MF + ASTRM + ASAM + Focal Loss 70.36  76.86 with Transformer (L2HS8) 67.60 72.35
RegNet-Y 200MF + ASTRM + ASAM + IC Loss 72.05  78.30 with Bi-LSTM 6815 73.35
RegNet-Y 200MF + ASTRM + ASAM + Soft-IC loss  73.74  79.11 with MSTCN 6875 73.50
Analysis on proposed ASTRM module Analysis on Clip Length
With local spatial only 69.91 76.39 . B
With local temporal only 7041  76.79 Clip length = 64 _ _ 43.82 52.09
With global temporal only 71165 77.06 Clip length = 100 (Used 1n baseline E2E-Spot) 71.20 76.73
With local spatial + local temporal 71.06 77.10 C]J:P length = 128 (proposed) 73.74  79.11
With local spatial + global temporal 71.82 77.85 Clip length = 192 7174 77.02
With local temporal + global temporal 71.55 76.93
Proposed ASTRM module 73.74 79.11
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