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Image Sentiment Analysis with Multimodal Discriminative Embedding Space

LU Guang-rui, CAI Guo-yong, LIN Yu-ming

(Guangxi Key Laboratory of Trusted Software, Guilin University of Electronic Technology, Guilin 541004, China)

Abstract: In order to alleviate affective gap and large intra-class variance existing in visual sentiment
analysis, firstly a new method is proposed, which exploits simultaneously not only deep latent correlations
between visual and textual modalities, but also deep linear discrimination of visual modality and weak su-
pervision of mid-level semantic features of images. The method uses multimodal deep network architecture
to find a latent embedding space in which deep correlations between visual and textual modalities are
maximized, and at the same time there is a deep discrimination on visual modality. In the latent space,
the extracted semantic feature of texts can be transferred to the extracted discriminant visual feature of im-
ages. Secondly based on the usfulness of attention mechanism, an attention network is presented, which
accepts the extracted features in the latent space as input and is trained as a sentiment classifier. Results
of experiments conducted on real datasets show that the proposed approach achieves better sentiment clas-
sification accuracy than those state-of-the-art approaches.
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CNN 0.668 1 0.6912  0.6897
PCNN 0.6893 0.7234  0.7124
VGG-transfer 0.7936  0.7938  0.8019
DCCA + early-self-attention 0. 8049 0.8052 0.8162
DCCA + self-attention 0.8321 0.8623  0.8525
MI + early-self-attention 0.8131 0.8252  0.8303
M1 + self-attention 0.8526 0.870 6 0.867 4

N TIEAASORE RS TR =02, %
6 25t T 1E Flickr-3 B8 5 ERZAR , FAE RN T
*® 6 FRETELE Flickr-3 HRE LHERS LHERE

Ttk IRTEES

CNN 0.5213

PCNN 0.5362
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