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& Temporal cues are important for video RelD

€ Existing 3D CNNs have small receptive field and
too many parameters

& Low quality frame is unavoidable in real scene

Y e 7. F

PEKING UNIVERSITY

Contribution

€ Propose M3D Convolution model to learn multi-
scale temporal cues

€ Propose RAL to refine learned temporal feature

€ Introduce a two-stream architecture to learn

complementary spatial temporal representation
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Residual Attention Layer
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€ Comparison with 3D convolution methods
Method Flnp ut mAP rl Speed Params
ramcs
JIDCNN | 1 | 62.54 | 7643 | 796 frame/s | 95./MB
S 162.84 | 76.62 | 81.0 clip/s
3D 16 | 6158 [75.11 | 38.7 clip/s | |00-°MB
8 ]60.60 | 75.08 | 90.1 clip/s
P3D-A —16 16052 [75.60 [ 469 clips | 11 V-°MB
8  ]67.0379.06 | 93.0 clip/s
P3D-B 6 16507 77.63 | 48.7chips | | 10-OMB
8 ]67.06 | 79.08 | 87.6 clip/s
P3D-C 16 | 65.07 [ 79.44 | 454 clips | | 10-9MB
S | 69.90 | 81.01 | 98.3 clip/s
M3D 16 6623 [80.13 | 490 chipis | > MB
€ Ablation study
Dataset MARS PRID | iLIDS-VID
Method mAP rl rl rl
2D baseline 62.54 | 76.43 | 82.02 49.33
M3D 69.90 | 81.01 | 87.64 70.00
M3D+RAL(s) 71.04 | 82.19 | 89.89 71.33
M3D+RAL(t) 70.66 | 81.81 | 88.76 71.33
M3D+RAL(c) 7130 | 82.13 | 89.89 72.00
M3D+RAL 71.76 | 82.79 | 91.03 72.67
Two-stream M3D | 74.06 | 84.39 | 94.40 74.00
€ Comparison on MARS
Method mAP rl r5 20
DCF (L1 et al. 2017a) 56.05 | 71.77 | 86.57 | 93.08
SeeForest (Zhou et al. 2017) | 50.70 | 70.60 | 90.00 | 97.60
DRSA (L1 et al. 2018) 65.80 | 82.30 - -
DuATM (S1 et al. 2018) 67.73 | 81.16 | 92.47 .
LSTM (Yan et al. 2016) 61.58 | 76.11 | 85.30 | 92.68
A&O (Simonyan et al. 2014) | 63.39 | 77.11 | 88.41 | 94.60
Two-stream M3D 74.06 | 84.39 | 93.84 | 97.74
€ Comparison on PRID&iLIDS-VID
Dataset PRID iLIDS-VID
Method rl rS rl r5
IDE+XQDA (Zheng et al. 2016) | 77.30 | 93.50 |53.00 | 81.40
SeeForest (Zhou et al. 2017) 79.40| 94.40 | 55.20|86.50
AMOC (Liu et al. 2017a) 83.70 | 98.30 | 68.70 | 94.30
QAN (Liu et al. 2017b) 90.30 | 98.20 | 68.00 | 86.80
DRSA (Li et al. 2018) 9320 - [80.20| -
Two-stream M3D 94.40 | 100.00 | 74.00 1 94.33
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