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Abstract

The main objective of this paper is to enhance the accuracy of C3D networks for action recognition
using a self-attentive mechanism. C3D neural networks, as a relatively early proposed model, have
an important place in the field of video action recognition. With the progress of various researches,
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C3D networks have gradually become obsolete and the recognition accuracy is low. Therefore, this
paper focuses on the C3D network as the basis, combining the current self-attentive mechanism,
integrating the Non-Local module in the C3D network, while replacing the fixed learning rate de-
cay with the cosine annealing learning rate decay to improve the ability of the model to jump out
of the local optimal solution. The new SA-C3D network is developed by using 3D convolution to
extract local features of action videos, and then using a self-attentive mechanism to capture global
information of human actions. Trained on the UCF-101 dataset without pre-training, the recogni-
tion accuracy has improved significantly over the previous C3D network and a series of excellent
action recognition models, with recognition accuracy as high as 95%.
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SCHSE T BAE ST 0 I = UL 7], F C3D M RV 5 I AL HH ) Non-Local #1428 W £ A5 Heidh 4T 485
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LM ST RE DT 5IRBIRETT, SO SER T I B dls 82 2 R 1 YouTube B 75 ) 3 (1) £ it 45 42
UCF-101, XAMHdaderh 3 2048 7 AMAYIR BRI 81708, NS ANZRE. Eahs%, ANEH—
SEIRAR I IRIAT N, I SRR AMIBAR BRI AT C3D MZLER TN ZE R IRTIR T, 7£ UCF-101
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PG LRSI T AR, Sl 2 =48, Mt mmm s> L4, SRR A% A
(), JCHLAEXS T4 Jm 4075 B2 =, i C3D W 2% SEN ST I A2 S I )= 845 I8, By DLE S TRy s,
¥ C3D 5 HIEREINHIEAT 7456, TR T IIMNZS SA-C3D, IXFF /2% n] ARE 2= =) NS ERLS
2 JRRHIE, WA DO R AARE, fEfR 2R seie T, JATWAAR] 1 & T C3D M2 A3 1 ik 2 1) 45
.

| ConYal’a 64
I_’_ogll |
[ Conv%a 128
PogIZ ]
| Conv3a 256
&
- Conv3b 256
&
. Pool3
Rog
' Conv4a 512
&
' Conv4b 512
&
| Pool4
Rod
| Conv5a 512
R T—
| Conv5b 512
@
Pogls
Fc6 4096
&

Fc7 4096
g
. Output

Figure 1. C3D architecture
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Figure 2. Non-Local Block
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Figure 3. Cosine annealing learning rate
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Figure 4. SA-C3D net framework
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Figure 5. Flow chart of experiment
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Table 1. Comparison of the method in this paper with other methods
=1L A FESEMS AR

Tk PUINHER /%
No-pretrain-C3D 39.8
C3D 85.2
R3D [12] 87.6
Two-stream [13] 88.0
Network model in this paper 97.5
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