%56 % 455 17 S-S D | A = SO SO Vol. 56 No.5
2024451 JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY May 2024

DOI:10.11918/202207110
R B SRS ATE ER RS GRN 77 iE

HAHE, TG, HIROL
(R 0 B E S 158 T A B, KT 300072)

 OE MAEENMNTRER R ENRER RIS Bk S K, IR B E RN BT % 5w kAR A
BERFBH RN ER ERENLAB T FHEEND AT IR L RN ER L ERFEEGNRE, HT Mk
ERE AR T - ANEELEALHEENENERAETERN T &, A8, ZFTEERER L BEREFHRNE L
B R RFRTN 04 8 )5 B ARG R ME AR R M B 4 b )RR % 77 o A 2 69 48 Sr M Fo Al % MR 2% T A
PRI HEENTIBESE AAHTUA UL EES L AAETM A e, BT — AN #2 R E A
R 4 NEEY T A, T A B R AR TN E R, AT HAE S (UCF-101 5 HMDBS1 ) 7 37 A 22 B9 45 A0 90 25 14 4 0 2 45
EFHATTER, EREREFN BNFRANEESETEURTANBEE  AXTEIRAEEGN 2 L EHRE, HT
PRt 4 R AT AR A A AN TR b A RE N S,

KR, REHENEL, BAMEHLN  HHBENE, E 0B BT HEE

hESEE ., TPI183 SERAREAD: A TEHS . 0367 - 6234(2024)05 - 0036 — 10

Micro-video event detection method with deep multimodal uncertainty

SU Yuting, WANG Fuyou, JING Peiguang

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract; With the rapid development of micro-videos, the task of micro-video event detection is receiving more
and more attention. Existing micro-video event detection studies commonly use deep neural networks to obtain
definitive detection results. But these networks that ignore the effect of uncertainty may lead to false predictions
yielding definitive results. To address these problems, in this paper, a micro-video event detection method with
multimodal uncertainty network was proposed. Firstly, the proposed method embeds a variational layer in a
traditional domain separation network, which was used to obtain predictive distributions. Then the visual modal
information and the acoustic modal information was fed into the network, and the independence and correlation
losses were constructed to obtain visual-audio shared domain predictive distributions and visual-audio private
domain predictive distributions. Finally, an uncertainty discriminant was proposed to filter the prediction
distribution of the four domains, so as to get the final prediction results. The experiments were performed on the
public dataset ( UCF-101 and HMDBS51 ) and the newly constructed micro-video event detection dataset.
Experimental results show that the proposed method not only has higher classification accuracy on different datasets
but also can estimate the uncertainty of the output results. It also shows robustness against audio interference.
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Fig. 1 Micro-video event detection network with multimode uncertainty
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Fig.3 Influence of sampling times on model performance
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Tab.3  Influence of correlation loss, independence loss, and
uncertainty discrimination on model effect
Jrik Ay Ap Agc
S 0.748 0.735 0.738
D 0.732 0.725 0.720
U 0.734 0.718 0.726
S+U 0.768 0.747 0.752
D+U 0.750 0.738 0.743
S+D 0.772 0.776 0.784
S+D+U 0.784 0.798 0.814
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Fig.6 Relationship between irrelevance and accuracy
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Tab. 4 Comparison of micro-video events classification
performance of different networks under different
degrees of disturbance
SRk 0(Age) 40% (Ae)  120% (Age)
C3D 0.742 0.693 0.633
3D 0. 864 0.814 0.762
TSN 0.882 0.830 0.776
CTSN 0.901 0.844 0.786
AT 0.914 0.864 0.814
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Fig.7 Contrast of uncertainty and confidence
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Tab.5  Micro-video events classification performance comparison

of different networks in Flickr datasets

RS TP SARTTI Ay Ap Acc
3D 0.552 0.571  0.582
H
- GoogleNet 0.617 0.651 0.661
i3
x5 ResNet3D 0.632 0.671  0.672
BD 0.671 0.692  0.712
C3D( multimodal ) 0.612 0.624  0.618
% 13D ( multimodal ) 0.726 0.747  0.754
i
TSN 0.738 0.760  0.765
CTSN 0.757 0.768  0.778
ARICTT 0.784 0.798  0.814

% 6 UCF-101 71 HMDB51 #iB&E TH AR MK 73
MR

Tab. 6  Comparison of classification accuracy of different
networks in UCF-101 and HMDB51 datasets
(BB S IyRIT UCF-101 HMDBS51
C3D 0.824 0.567
% GoogleNet 0.833 0.583
i
x ResNet3D 0.877 0.591
13D 0. 886 0.624
C3D( multimodal ) 0.884 0.614
£ 13D (multimodal ) 0.934 0. 664
s TSN 0.928 0.680
CTSN 0.933 0. 688
A7 0.964 0.718
4 % @
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