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Task: Predict segments of fine-grained action from a given video - AW
e Fine-grained actions are difficult to visually distinguish based on . 1
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spatio-temporal features —— v 50 Salads dataset: 50 salad making videos, each 5-10 minutes. We
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Model Spatial comp  Temporal comp (short)  Long-temporal F1@10 Edit Acc
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O Standard COIlV()hltl()Il: y'[n] p— Z W[—k]X [n —|— ]{j] - Motion modelling = LCDC RGB Learned deformation - 43.99 33.38 67.27
» k y( D Information = A - LCDC + ST-CNN RGB Learned deformation 1D-Conv 60.01=0.42  51.35x0.12  68.45x0.15
o : ! LCDC + DilatedTCN RGB Learned deformation DilatedTCN 58.214+0.59 48.54+0.52 69.28+0.25
e Deformable convolution: for A\ & NXK, XD P omtara el LCDC+ED-”tFCN RGB L eened deformetion E[;—TCN 73.75+0.54  66.94+1.33  72.1240.41
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O Adaptlve receptlve ﬁeld at tlme t: SN ry @ ~ LCDC RGB Learned deformation - 56.56 45.77 77.59
oo ( t) NX K oo (t) oo (t) Ars a0 D LCDC + ST-CNN RGB Learned deformation I D-Conv 70.46+0.41 62.71+0.46  77.84+40.26
_ conv conv LCDC + DilatedTCN RGB Learned deformation DilatedTCN 67.59+0.42 58.97+0.55 78.294+0.29
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emporal modeling: r'\"’) = — : : R convolution operation GTEA dataset: 28 kitchen activity videos, each around 1 minute. On

i*(t) = (0 only for deformable convolutions

average, a video has 19 segments from 7 classes
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NO guarantee Of local COnSiStency in receptive ﬁeld8: Model Spatial comp  Temporal comp (short)  Long-temporal Fl1@10 Edit Acc
.s e o SpatialCNN [10] RGB MHI - 4138 541
_ _ e fialdi Spatial CNN) + ST-CNN [ 16] RGB MHI 1D-Conv 58.7 60.6
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C OnVOlutl on Wh@f@ An7k — An_|_k, \V/,),L7 k. Sifterance of TR WU N MR N WU S S N N O AR ;ﬁiﬁﬁ;r;:lr Egg Ezizgig MHI (_Hll.llt]) Stacked inputs ggiz 33;} .
. . ecant NaiveTempApvear RGB (it Avg fieat fiames (conlti) L 38 OM
® Appear ance mf0r mation.: from the last 121}761' : eﬁgﬁéve N Wt W Wt NS U NN Wl NS Wt N Wt WS S © WO W & OptFlﬂwl\fntiE;I:] e gOptl:E'lDw (mu(lti) | 2567 134.1M
. . . * . . through time TwoStreamNet RGB (multi) OptFlow (multi) Avg scores 71.82 173.0M -
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