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Deployment and optimization of image captioning algorithm
based on Ascend platform
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Abstract: Image captioning is a technique for explaining and presenting image content through texts. It has important applications
in the fields of computer vision, image recognition and artificial intelligence. A deployable high—performance image description
model is proposed for the Huawei Ascend platform. Firstly, starting from the high—precision image description model, through the
comprehensive analysis of operator feasibility, accuracy and calculation amount, the deployable and efficient solution is obtained,
and some algorithm optimizations are performed on it. Finally the solution, namely the high—performance Ascend offline model, is
obtained. On the Huawei Ascend platform, the generated model is used to describe multiple images and the description results are
analyzed. All indicators of the generated model are improved, among which the CIDEr indicator is increased by 9%, and the
inference time for each image is 210. 43 milliseconds.
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Table 2 Performance comparison of different image caption models

and RExtract

Model Flops/ G B@1 B@2 B@3 B@4 M R C S

SCST 10. 1 - - - 30.0 25.9 53.4 99.4 -
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Fig. 1 Network structure diagram of image caption model
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Table 3 Performance comparison under different training methods

Method B@1 B@?2 B@3 B@4 M R C S
Cross—Entropy 76.4 60.5 46.9 28.1 56.6 116.5 21.1
CIDEr 79.4 63.8 49.6 37.8 28.6 57.7 125.3 22.5
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Table 4 Comparison of the results of different search methods during training and conversion

Model Train ONNX B@1 B@2 B@3 B@4 M R Cc S
R-XLAN-1 greedy greedy 78.8 60. 1 48.9 37.2 28.7 57.7 124.3 22.5
R-XLAN-2 beam greedy 79.2 63.5 49.3 37.5 28.6 57.17 125.1 22.5
R-XLAN-3 beam beam 79.4 63.8 49.6 37.8 28.6 57.7 125.3 22.5
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Table 5 Time comparison of different deployment methods

Method Resize shape Time/ ms
Float32 256x256 232.80
Float16 256x256 215.03
AIPP 256x256 210.43
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