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Object Space Relation Mechanism Fused Image Caption Method
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Abstract Focusing on the specific information of the positional relationship between objects in the image, a
neural network image summary generation model integrating spatial relationship mechanism is proposed, in order
to provide key information (object position or trajectory) for downstream tasks such as visual question answering
and voice navigation. In order to enhance the learning ability of the positional relationship between objects of the
image encoder, the geometric attention mechanism is introduced by improving the Transformer structure, and the
positional relationship between objects is explicitly integrated into the appearance information of the objects. In
order to assist in the completion of specific information-oriented extraction and summary generation tasks, a data
production method for relative position relations is further proposed, and the image abstract data set Re-Position of
the position relations between objects is produced based on the SpatialSense data set. The experimental results of
comparative evaluation with five typical models show that the five indicators of the proposed model are better than
those of other models on the public test set COCO, and all six indicators are better than those of other models on
Re-Position data set.
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Fig. 1 Basic framework of image caption model
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Fig. 3 Examples of existing data sets
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Table 3 Experiment results of different models on COCO dataset
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Table 4 Results of ablation experiments
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BLEU-1/% BLEU-4/% CIDEr-D METEOR/% SPICE/% ROUGR-L/%
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Fig. 5 Comparison of generation examples of this model and Up-Down model on the Re-Position and COCO datasets
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