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Web video clustering method based on an extended text model
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Abstract: With the rapid rise and development of video sharing websites, there has been an explosive increase in web
videos on the Internet. Effective organization and classification are necessary for the valid use of such videos. Video
clustering technology has gained increasing popularity because it considers the internal cluster structure of video data,
and no manual intervention is necessary. There are many video clustering algorithms in existence, such as those based
on the visual similarity of key frames, text clustering of video titles, and multi-model fusion by integrating text and visu-
al features. The video clustering method based on the text clustering of titles has become a widely used method in busi-
ness because of its simplicity and efficiency. However, it performs poorly due to the semantic sparsity of short titles.
Therefore, this paper proposes a video clustering method with related text fusion from multiple sources on social media
platforms to overcome the semantic sparsity of short text. The experimental results on different text clustering al-
gorithms demonstrate the effectiveness of this method.
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Fig.1 Framework for web video clustering based on ex-
tended text model
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Table 3 Result of algorithms on data set 1 (ACC)

A LDA Kmeans++ GNMF TNMF GSDMM BTM
il 0.6109 0.582 4 0.618 2 0.769 0 0.679 3 0.790 2
1tle
(£0.005 7) (£0.000 9) (£0.000 5) (£0.009 9) (+0.014 5) (+0.0129)
0.706 6 0.5121 0.8820 0.778 0 0.729 0 0.781 1
Co-query enhancement
(£0.010 7) (£0.000 1) (£0.005 6) (£0.000 1) (£0.009 4) (£0.005 5)
0.693 4 0.556 9 0.8979 0.656 3 0.6759 0.666 2
Co-click enhancement
(£0.003 1) 0) 0) (£0.006 8) (£0.003 6) (£0.002 4)
0.6922 0.507 2 0.9305 0.7810 0.668 2 0.763 1
All enhancement
(£0.003 1) 0) 0) (£0.000 1) (£0.005 5) (£0.004 4)
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Table 4 Result of algorithms on data set 1 (NMI)
iR LDA Kmeans++ GNMF TNMF GSDMM BTM
Ti 0.3617 0.2058 02739 04173 0.4413 0.4799
itle
(0.000 9) (£0.002 8) (0.000 2) (£0.009 0) (+0.008 6) (+0.012 4)
0.4010 0.224 7 0.5670 0.463 7 0.4400 0.467 5
Co-query enhancement
(+0.010 3) 0) (£0.005 9) (£0.001 0) (+0.006 8) (+0.012 2)
) 0.4679 0.277 8 0.608 2 0.3809 04724 0.466 8
Co-click enhancement
(£0.001 6) (0) 0) (0.008 0) (+0.001 9) (+0.001 7)
0.420 3 02422 0.674 5 0.503 8 0.402 5 0.464 6
All enhancement
(£0.005 7) 0) 0) (£0.000 5) (£0.002 3) (£0.004 3)
x5 HIRE2HEER (ACC)
Table 5 Result of algorithms on data set 2 (ACC)
iR LDA Kmeans++ GNMF TNMF GSDMM BTM
Titl 0.389 5 0.2979 0.3053 0.346 0 04925 0.5127
itle
(+0.000 9) (£0.000 4) (£0.000 1) (£0.000 9) (£0.001 2) (£0.000 5)
0.4383 03301 0.429 1 0.366 2 0.4204 0.478 2
Co-query enhancement
(£0.001 1) (£0.000 7) (£0.000 2) (£0.002 4) (£0.002 2) (£0.000 2)
0.464 6 03758 04172 0.328 5 0.4614 0.465 4
Co-click enhancement
(£0.000 8) (£0.000 7) (£0.000 6) (+0.001 4) (+0.001 9) (£0.000 1)
04517 0.358 2 0.4389 0.3739 04182 04593
All enhancement
(£0.000 6) (£0.000 4) (£0.000 8) (£0.001 2) (£0.001 5) (£0.000 5)
Fo HIEE2HEER (NMI)
Table 6 Result of algorithms on data set 2 (NMI)
FRETRY LDA Kmeans++ GNMF TNMF GSDMM BTM
Tidl 0.2598 0.1719 0.194 8 0.2173 0.367 0 0.3629
itle
(£0.000 2) (£0.000 5) (£0.000 1) (£0.000 4) (£0.000 3) (£0.000 1)
0.298 7 0.2345 0.2659 0.2208 0.309 8 0.3533
Co-query enhancement
(+0.000 3) (£0.000 3) (£0.000 1) (£0.000 7) (£0.000 5) (£0.000 6)
0.3725 0.308 8 0.314 8 0.176 4 0.398 5 0.393 6
Co-click enhancement
(£0.000 2) (£0.000 5) (£0.000 1) (£0.000 6) (£0.000 8) (£0.000 2)
0.346 8 0.269 7 0.3129 0.253 8 0.3321 0.369 1
All enhancement
(+0.000 3) (+0.000 1) (+0.000 3) (+0.000 5) (+0.000 5) (+0.000 2)
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