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Action Recognition Model of Directed Attention Based on Cosine Similarity

Abstract

Abstract: Aiming at the lack of directionality of traditional dot product attention, this paper proposes a
directed attention model (DAM) based on cosine similarity. To effectively represent the direction
relationship between the spatial and temporal features of video frames, the paper defines the relationship
function in the attention mechanism using the cosine similarity theory, which can remove the absolute
value of the relationship between features. To reduce the computational burden of the attention
mechanism, the operation is decomposed from two dimensions of time and space. The computational
complexity is further optimized by combining linear attention operation. The experiment is divided into
two stages : Four ablation experiments are carried out on each module of directed attention to show the
best performance of DAM in accuracy and efficiency; the accuracy of the model is 7.3% higher than that
of I3D-NL on the Sth-Sth V1(something something V1) dataset and 95.7% on the UCF101(101 human
action classes from videos in the wild) dataset. The research results have a wide application prospect in
safety monitoring, automatic driving, and so on.
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IR AN N AT Dy, 38 i 22 4 AR 77 3 P 97 4
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P T AREAIE L 3D CNN C3D¥, 13D! ATHRIUET 2R, AH TE 55 v, ToV PR I A4 R R AIE
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W E AN NFFIE SR B e RS, g 3
P& N X e RV A DA-NL [ NRFIEAE FE, 3
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0K,
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Fig. 1 Non-local module of directed attention DA-NL-1
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ZDA*NL*I :X+ WzyDAfNLfl (7)
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AL B cos 0,18, 5% T FIALE R
& EAREUN, B TE B R KA AR UL .
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N T SEARAEAS 2% A R =R IO T RE A AR BN Y
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TEBEBRNLER. Kk, A95% DA-NL 2545
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Table 3  Single module performance comparison based on
different relationship functions

Z4 &/ GFLOPSx  Topl/  Top5/

L
MB View % %
ALY 24.18  26.19x10x3  71.76 89.85
DP-NL! 2556 26.47x10x3  72.68  90.47

26.20x10%3 72.65 90.46
27.02x10%3 73.21 90.73
27.04x10%3 73.18 90.71

Poly-NL®  25.33
DA-NL-1 2553
DA-NL-2  25.57
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Table 4 Performance comparison of each combined directed
attention module in Res layer

E fé@& GFL’OPSX Topl/  Top5/
=/MB View % %
FEVER 2418 26.19x10x3 7176 89.85
DA-NL 2427 237.92x10x3 72.94 90.43
DA-DA  25.19 52.72x10x3 7272 90.35
DA-Poly 24.83 26.26x10x3 7243 90.27
Res DA-DP 2522 35.08x10x3 7246 90.26
Poly-DA  24.83 52.66x10x3  72.68 90.32
DP-DA 2522 52.68x10x3  72.65 90.31
DA-NL 2451 32.81x10x3 73.07 90.58
DA-DA 2623 27.85x10x3 7294 90.41
DA-Poly 26.08 26.20x10x3  72.68 90.32
Res; DA-DP 2625 26.75x10x3  72.65 90.31
Poly-DA  26.08 27.84x10x3 72.90 90.38
DP-DA 2625 27.84x10x3 7291 90.37
DA-NL 2553 27.02x10x3  73.21 90.73
DA-DA 2798 26.40x10x3  72.84 90.53
Res, DA-Poly 2735 26.19x10x3  72.53  90.39
DA-DP  30.02 2626x10x3  72.49 90.37
Poly-DA 2735 26.39x10x3  72.76  90.40
DP-DA  30.02 26.39x10x3 7274  90.39
DA-NL  29.68 26.29x10x3 7251 90.25
DA-DA  36.18 2622x10x3 7234 90.15
Res, DA-Poly 3582 26.19x10x3  72.01 89.98
DA-DP 3624 2620x10x3  72.04 90.02
Poly-DA 3582 2622x10x3 7228 90.12
DP-DA 3624 2622x10x3 7231 90.10
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Table 5 Experimental training parameters of each comparison model on Sth-Sth V1 dataset

H ER S W%k YR 2% Dropout ZhE RUEIER WX #E M Batch
c2p™ ResNet50 [+K400 0.001 0.5 0.9 5x107 32 224%224 100 16
TSN™ BNInception I 0.020 0.8 0.9 <107 8 224%224 50 8
TSN ResNet50 I 0.020 0.8 0.9 1107 8 224%224 50 8
C3DpM" ResNet50 [+K400 0.001 0.5 0.9 5%107 32 224x224 100 16
ECO!" BNIncep+R18  I+K400 0.001 0.5 0.9 5%107* 8 224x224 100 32
13D™ ResNet50 [+K400 0.001 25 0.3 0.9 1107 32 224x224 100 8

I3D+NLE! ResNet50 [+K400 0.001 25 0.3 0.9 1107 32 224x224 100 8
S3D-GM"! BN-Inception I 0.100 0.5 0.9 1107 64 224%224 100 6
TRN™ BNInception I 0.001 0.5 0.9 1107 8 224x224 100 10
TRN™ ResNet50 I 0.001 0.5 0.9 1x10™ 8 224x224 100 10
TSM!'™ ResNet50 [+K400 0.010 0.5 0.9 <107 8 224x224 50 64
TEA*P! ResNet50 I 16 224x224
TDNP® ResNet50 +S1M 0.020 0.5 0.9 1107 8 224x224 60 128
DAM ResNet50 [+K400 0.001 0.5 0.9 5%107 32 224x224 100 16

6 DAME Sth-Sth VI dfa 5 E 5 HAR T VAR MK AL
Table 6 Comparison of DAM on Sth-Sth V1 dataset with tests of other methods

iRt FT4EH AL x View R Z¥#E/MB GFLOPSxView  Topl Top5
C2DM ResNet50 32x1x1 224x224 24.18 26.19x1x1 18.7 453
TSN BNInception 8x1x1 224x224 10.70 16x1x1 19.5
TSN ResNet50 8x1x1 224x224 24.30 33x1x1 19.7 46.6
c3pt! ResNet50 32x1x1 224x224 28.51 35.67x1x1 32.8 60.3
ECOM BNIncep+R18 8x1x1 224x224 47.50 32x1x1 39.6
13D™ ResNet50 32x2x1 224x224 28.00 153x2x1 41.6 72.2
I3D+NLM! ResNet50 32x2x1 224x224 35.30 168x2x1 44.4 76.0
S3D-G™ BN-Inception 64x1x1 224x224 11.56 71.38x1x1 48.2 78.7
TRN! BNInception 8x1x1 224x224 18.30 16x1x1 34.4
TRN! ResNet50 8x1x1 224x224 31.80 33x1x1 38.9 68.1
TSM!M! ResNet50 8x1x1 224x224 24.30 33x1x1 45.6 74.2
TEAP! ResNet50 16x1x1 224x224 70x1x1 51.9 80.3
TDNE! ResNet50 8x1x1 224x224 36x1x1 52.3 80.6
DAM ResNet50 8x1x1 224x224 40.38 9.09x1x1 48.2 76.5
DAM ResNet50 16x1x1 224x224 40.38 18.18x1x1 49.5 78.3
DAM ResNet50 32x1x1 224x224 40.38 36.36x1x1 51.7 80.1
%7 DAMYEUCF101 RIHMDBS1 () F-452 ks i R Rr € RWOE Bl . ESLied, B TRE N3N
Table 7 Average class zﬁ;{lg};};ffDAM on UCF101 and UCF101 3 5 45 rh 1 ¥4 55 1) oh 1) 57 ST R 3 A 1
R s UCFI01 ~ HMDBSI B, DUSRAS AT SR BAE B . 108 LA nT A4
Cc3pt! Kinetics400 84.6 54.3 T 3D KR [ O ], AR R R R A A
13D™ Kinetics400 91.8 66.4

TIAS I B R R 4 R 2 0 e (AU,
AT I AR DAM I S TAT iR B TCE: ARG, e 13D, F: DAM)SIH
[P R AT, M CAMOPE T T BRI 3 TN O . DAM SR A1)
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Fig. 7 Activation diagrams of specific actions visualized by CAM
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