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[ Abstract] Aiming at the problem that the existing image caption models based on attention are inadequately described and have
redundant visual attributes, this paper proposes a VT -BLSTM model with visual triples which can mine potential information.
Firstly, the convolutional neural network is used to extract the global features of the image and visual triples. Then, a bi—directional
long—short term memory network is constructed, the improved attention model is used to obtain dynamic visual features and dynamic
text features respectively, and the visual semantic context is obtained by integrating the two features. Finally, combining visual
semantic context, visual triples and hidden layer features of neural network, the output results of forward and backward long short—
term memory network are compared to obtain words at the corresponding moment. Results on Flickr8K and Flickr30K datasets show
that the VT-BLSTM can select the proportion of text features and visual features, combine historical moments and future moments
to obtain abundant visual information. It can also generate high—quality sentences with a small number of visual attributes, and
surpass other similar methods in multiple statistical indicators.
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Tab. 1 Evaluation score of the generated text under different visual attributes

. B Flickr8K Flickr30K
BRAEEL
B@1 B@?2 B@3 B@4 M B@1 B@?2 B@3 B@4 M
WithoutAttr 63.5 43.8 30.9 21.1 20.5 64.2 45.8 33.1 23.6 19.0
Traditional Attr 68.9 48.6 33.5 23.0 21.2 68.3 47.8 34.5 24.1 19.7
TripleAttr 68.4 48.1 33.7 23.2 22.6 68.1 48.6 34.8 24.2 19.8
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Fig. 5 Training loss of the model
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Fig. 7 Visual attention mechanism
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Tab. 2 Experimental results

Flickr8K Flickr30k
PR R

B@1 B@?2 B@3 B@4 M B@1 B@?2 B@3 B@4 M
Deep VS 57.9 38.3 24.5 16.0 - 57.3 36.9 24.0 15.7 15.3

Google NIC 63.0 41.0 27.0 - - 66.3 42.3 27.7 18.3 -
Hard - Attention 67.0 45.7 31.4 21.3 20.3 66.9 43.9 29.6 19.9 18.4

VA-LSTM 67.6 47.0 32.6 22.1 - 67.5 45.1 30.2 21.1 -
Saliency+Context Attention 63.6 45.6 31.5 21.2 21.1 61.5 43.8 30.5 21.3 20.0
CNN-RNN-f3 68.3 46.5 32.1 22.1 22.0 67.5 44.5 30.0 20.3 20.1
LSTM-EM-DA 69.0 47.7 33.3 22.8 20.6 68.4 46.4 31.8 21.6 18.8
ATT-FCN - - - - - 64.7 46.0 324 23.0 18.9

SCN-LSTM - - - - - 67.2 48.2 34.0 23.8 -
LSTM,+ATT,,+CNN,, 64.5 46.2 32.7 22.7 20.6 66.1 47.2 33.4 23.2 19.4
VT-BLSTM 68.4 48.1 33.7 23.2 22.6 68.1 48.6 34.8 24.2 19.8
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