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Experiments & Results

Dataset: We conduct experiments on several different benchmarks, for

Goal and Contribution

Goal: Exploring various axial contexts to separately calibrate video feature channel groups Result on Something-Something V2:

in parallel with little computational overhead. exampl.e., Something-Something V1&V2 and Kinetics-400 for video Method Params _ #Frame  FLOPsxClips _ Top-I _ Top-5
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e prop . Y S , GE3D-G — 239M 329G | 22.3(+2.6) TEA [23] — 16 70.0G % 30 651  89.9
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S3D-G — 251M 329G | 28.0(+8.3) TANet [29] 25.1Mx2 | 8+16 99.0G X 6 66.0  90.1
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1 T x HxW xpC 2 TxHxW x(1—p)C - i 246M  33.0G | 34.1(+14.4) GST* [30] 21.0Mx2 | 8+16 87.6G X2 63.1 883
X eR | and X“ € R | . Then, four feature calibrators (ECal — oM 3306 | 18 (5T TSM [0 >3 OM » 190G « 9 o
G/S/T/L) are customized to focus on four different axial perspectives and separately refine - f 241M 332G | 449 (+25.2) TSM | 23.9M 16 65.8G %2 63.1 882
. k TSM | 239Mx2 | 8+16 98.7G x 2 643  89.0
the four feature channel subgroups (ZC channels) of X! in parallel. All ECals share the 3:20) 24.2M 330G 471 (+27.4) TDN | 26.1M g 36.0G % 1 640  88.8
imilar cascaded structure of “GAP/None+FC/Conv+Sigmoid” for efficienc - L) UM 310 | 480283 TDN | 26.1M 16 72.0Gx1 65.3 895
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v i FC "1 | | convad 1] | Comvad | | ©) | GC (1.0) 223M - 29.6G | 456 (+1.2) GC-TDN 274Mx2 | 8+16 1101Gx1 | 678  91.2
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| ' ¥ v X y | v : — 26.IM  36.0G 52.3 e The GC module boosts the 2D/3D video CNNs with substantial
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:\ ' ! ECal-T 1) : * Both the single Ecal and the combined GC consistently improve the to the SOTAs.
\ / \ o o
piniuink Al bl At it it recognition performance of backbones. Result on Kinetics-400:
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—— | v o r==== i Dt sl 13D (InceptionV1) [3] - 64 — 721 903
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Integrated Networks: g ©f j 60 % S3D-G (InceptionV1) [50] — 64 71.4Gx 30 7477 934
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 We integrate the GC module into three basic video networks, 1.e., TSN, TSM, and GST, S 20 I I | ]|| || TN | | %I I | TEINet [27] 30.8M 16 66G x 30 762 925
and a more advanced network, i.e., TDN, referred to as GC-TSN, GC-TSM, GC-GST and e 0 N . o . o W, SR TANet [29] 25.6M 16 806G x 12 /6.9 92.9
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