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In video action detection, you better

Video X

PAY MORE ATTENTION TO
EVERY SINGLE ACTION CLASS!
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Model Input Backbone Pre-train mAP
AlA 32x2 SF-R101 K700 32.3
VideoMAE 16x4 VIiT-B K400 31.8
WOO 32x2 SF-RIO1-NL K600 28.3
TubeR 32x2 CSN-152 I1G66M,K400 311
STMixer 32x2 (CSN-152 I1G65M,K400 328
STMixer 16x4 ViT-B K400 32.6
STMixer 16x4 VIT-B K710, K400 361
EVAD 16x4 VIiT-B K400 32.3
EVAD 16x4 VIiT-B K710, K400 377
Ours 32x2 CSN-152 I1G66M,K400 335
Qurs 16 x4 VIiT-B K400 329
Ours 16 x4 ViT-B K710,K400 384

On standard VAD benchmarks (AVA, JHMDB, UCF):

Model Backbone =mAP / v-mAP
JHMDB UCF
AVA I3D-VGG 733/786 763/599
ACRN SF-R101 779 / 801 -/ -
CA-RCNN R50-NL 792/ - -/ -
YOWQO 3DResNext-101 744/85.7 804/488
WOQO  SF-RIOI-NL 805/ - -/ -
AlA R50-C2D -/ - 788/ -
ACAR SF-R50 -/ - 843/ -
TubeR CSN-152 - /823 832/584
STMixer SF-R101-NL 867/ - 837/ -
EVAD ViT-B 90.2/778 851/588
Ours ViT-B 869/885 8b59/617

Our model achieves much greater efficiency:
EVAD (ICCV '23) & Ours

TubeR (CVPR "22)
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Capturing contexts dedicated to each action class helps

achieving great performance with fewer actor candidates,
leading to a significant improvement in efficiency.

Qualitative results
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Long story short, OUr model creates dn attention map

for each action class using C/ass
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