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Abstract

In this research, we propose the Home Action Genome (HOMAGE), a new action recognition dataset containing hierarchical
structures and multiple modalities captured from multiple viewpoints, which is an important factor for human to understand things.
We show that Cooperative Compositional Action Understanding (CCAU), a learning framework for hierarchical action recognition
using contrast learning, consistently improves performance across all modalities tested.
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Table 1 HOMAGE and existing datasets for action recognition

(Seq: number of videos, HL: high-dimensional action labels, TL: detailed action labels, SG: scene graphs)

Dataset Seq hrs Modalities | Views HL |HLClasses| TL |TLClasses| TL Ins SG
UCF101 [4] 13K 27 1 1 v 101
ActivityNet [1] 28K 648 1 1 v 200
Kinetics-700 [2] 650K 1.79K 1 1 v 700 - -
AVA [16] 430 108 1 1 v 80 1.58M
EPIC-Kitchen [5] - 55 1 1 v 125 39.6K
MMAct [13] 36K 6 5 v 37 36.8K -
Action Genome [6] 10K 82 1 1 - v 157 66.5K v
LEMMA [7] 324 10.1 2 4 v 15 v 863 11.8K -
Ours 1.75K 254 12 2~5 v 5 v 453 246K v
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Table 2 Results of per-video recognition

Method Audio Ego 3rd
(1) Single Modality 285 313 218
(2) Coop - Ego +3rd - 351 235
(3) Coop - Ego + 3rd + Aud 333 37.7 24.7
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Table 3 Results of Compositional learning

Acc (Activity) mAP (Atomic Action)
Method , "

Audio Ego 3rd Audio Ego 3rd
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4) 29.3 349 19.2 217 29.3 138
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