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Image Captioning Model Based on Multi-Level Visual Fusion
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Abstract: Traditional methods only focus on entities in the visual strategy network and cannot deduce the relation-
ship between entities and attributes. There are problems of exposure bias and error accumulation in the language strategy
network. Therefore, this paper proposes a multi-level visual fusion network model based on reinforcement learning. In the
visual strategy network, multi-level sub-neural network module is used to transform visual features into feature sets of visu-
al knowledge. The fusion network generates the function words which make the description sentences more fluent and can
be used for the interaction between the visual strategy network and the language strategy network. The gradient algorithm of
self-criticism strategy based on reinforcement learning is used to optimize the visual fusion network end-to-end. The experi-
mental results show that the model can get good results in MS-COCO data set and improve the CIDEr value of Karpathy
segmentation test from 120.1 to 124.3.
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