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Abstract

In this letter, we propose an efficient transformer network using individual pruning techniques in image captioning. Typically, an
image caption model consists of three things: a pre-trained CNN encoder, a transformer encoder, and a decoder. In this study, a
proposed pruning technique was designed to optimize each component of a caption model individually and shared similar
components, such as encoder or decoder networks, even if the overall structure is different from conventional captioning models.
Additionally, proposed method was applied a loss function for captioning in the decoder. As a result of applying this model to the
English and Korean versions, superior performance was confirmed compared to the existing model.
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Table 1. Comparative analysis of performance scores between pruned
and unpruned models

Name of the Model ROUGE-1 ROUGE-L CIDEr
Original network 0.3740 0.3478 0.7980
Ko et al. method® 0.3104 0.2880 0.4320
Proposed method 0.3110 0.2894 0.4377
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Table 2. Comparison of model size of pruned and unpruned models
in terms of memory (MB)

Name of the Model Unpruned 1D 2D 3D
Original network(4D) 346.5 - - -
Proposed method - 2182 2400 2564
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