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ID  WC_TA RE_TA EBIT_TA MVE_BVTD S_TA Industry Rating

62394 0.013 0.104 0.036 0.447 0.142 3 BB
48608 0.232 0.335 0.062 1.969 0.281 8A

42444 0.311 0.367 0.074 1.935 0.366 1A

48631 0.194 0.263 0.062 1.017 0.228 4 BBB
43768 0.121 0.413 0.057 3.647 0.466 12 AAA
39255 -0.117 -0.799 0.01 0.179 0.082 4 CCC
62236 0.087 0.158 0.049 0.816 0.324 2 BBB
39354 0.005 0.181 0.034 2.597 0.388 7 AA
40326  0.47 0.752 0.07 11.596 1.12 8 AAA
51681 0.11 0.337 0.045 3.835 0.812 4 AAA
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Deep Learning for Video Application
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Video Summarization
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Video Captioning
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A Semantic-based Method for
Visualizing Large Image Collections

Xiao Xie, Xiwen Cai, Junpei Zhou, Nan Cao, Yingcai Wu

IEEE Transactions on Visualization and Computer Graphics (2018)
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Previous Methods VS Co-embedding
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Co-embedding

image embedding

word embedding




Semantic Information Extract

The man at bat readies to swing at the A large bus sitting next to a very tall
pitch while the umpire looks on. building. rfboard

A horse carrying a large load of hay and Bunk bed with a narrow shelf sitting
two people sitting on it. underneath it.

MSCOCO Dataset ( 80000+ * 5)



DL L L L LI LI L L L L Ll L] =
! I
I
- = . — '
I ¢ 1
I m. ] o ... L] i
I ] " L} 1
“ % v I i
’ ]
1 A - k] 1
1[N TR = i
] ..\. { I
I K = !
I . = ]
AN-E[ ) g “
I d_._ ] 1
A . 1] |
! ™ - m 1
I
= !
]

appy

locally semantic structure

images in the ‘dog'list
Il images in the “happylist

A

Co-embedding




Co-embedding

« Obtaining Local Semantic Structures
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Co-embedding
Reconstruct Images in Semantic Space
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EmotionCues: Emotion-Oriented
Visual Summarization of Classroom Videos

Haipeng Zeng, Xinhuan Shu, Yanbang Wang, Yong Wang,
Liguo Zhang, Ting-Chuen Pong, and Huamin Qu

IEEE Transactions on Visualization and Computer Graphics (2020)
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EmotionCues: Emotion-Oriented Visual Summarization of Classroom Videos
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Data Processing Phase
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Visual Exploration Phase
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