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due to occlusions, interruptions, eftc. Y A Ay > Partial action retrieval:
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» Feature reconstruction for partial actions: > Partial action recognition:
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(3) Present our approach in both supervised and unsupervised min. 35"y — g3+ 37 S s b — bl o— MISSVM (i3] 67 | 467 | 1 | xs | s0 | eo | - | "y
fashions and systematically evaluate it on four action Bwp £ £ (1T B IR T L 2P TR R - AAC (56 S0 | wr | e | sia | sa | e | % y -
: : : : : S optimization withou . ' | | | ' e : : 5
benchmarks in terms of three tasks, i.e., partial action retrieval, m T a2 ) . <: P , MOVEMES [18] 383 | 545 | 683 | 313 | 413 | 67 | Lpm W, 5 .
recoanition and prediction + ,uyj S: [bi" — P g(xi )|z + AIP||F s.t.b; € {—1,1} any relaxation MMAPM [14] 467 | S17 | 700 | 367 | S50 | 633 ri - ; e
: P— PRBC-Sup@64bits | 550 | 583 | 633 | 60.0 | 650 | 75.0
g P : e : : PRBC-Sug@IZSbits 56.7 58.3 65.0 60.0 63.3 717 | | ; || .
Modelling the fitting error Discrete constraint A e




