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® Social media and the 2008 US ® Predicting depression via social media, 2013 ® Fusing audio, visual and textual clues
. - presidential election, 2009 ® A context-aware personalized for sentiment analysis from multimodal content,
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FEmIN LU E kI E NBE (Spring is coming! Thousands of
acres are filled with intoxicating peach blossoms in Shanxi.)

e e
i H m&%ﬁé JTEBRAETERSE T, WATIRAEA S, RIGKZE
KR (Recently, thousands of acres of peach blossoms are in

full bloom at Pinglu, Shanxi Province. Visitors are immersed in the
beautiful flowers, enjoying the breath of spring.)

Comments

1. $EER, RiEKIR! (Beautiful flowers! I can’t move my eyes
from them. )

2. A SEE AR, B> T — 3K, (Peach blossoms seem to
be a little less pretty without any green grass as background.)

3. 4t %2 HELUF T . (It would be better if there is more greenness.)
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Cross-Modal Commentator: Automatic Machine Commenting Based on Cross-Modal Information (ACL 2019)
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Contextual Inter-modal Attention for Multi-modal Sentiment Analysis (EMNLP2018)
Multi-task Learning for Multi-modal Emotion Recognition and Sentiment Analysis (NAACL 2019)
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Rumor Detection on Twitter with Tree-structured Recursive Neural Networks (ACL2018)
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Representing Social Media Users for Sarcasm Detection(EMNLP2018)
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Detecting Depression in Social Media using Fine-Grained Emotions(NAACL2019)
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The Risk of Racial Bias in Hate Speech Detection(ACL 2019)
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