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Image Captioning Generation Method Based on External Prior and Self-prior Attention

LI Yongjie. QIAN Yi and WEN Yimin
Guangxi Key Laboratory of Image and Graphic Intelligent Processing(Guilin University of Electronic Technology) , Guilin, Guangxi 541004 , China

Abstract

hend the content of images and generate appropriate textual captions. Existing image captioning methods often employ self-atten-

Image captioning,a multimodal task that combines computer vision and natural language processing,aims to compre-

tion mechanisms to capture long-range dependencies within samples. However, this approach overlooks the potential correlations
among different samples and fails to utilize prior knowledge, resulting in discrepancies between the generated content and refe-
rence captions. To address these issues, this paper proposes an image description approach based on external prior and self-prior
attention(EPSPA). The external prior module implicitly considers the potential correlations among samples and removes interfe-
rence from other samples. Meanwhile, the self-prior attention effectively utilizes attention weights from previous layers to simu-
late prior knowledge and guide the model in feature extraction. Evaluation results of EPSPA on publicly available datasets using

multiple metrics demonstrates its superior performance compared to existing methods while maintaining a low parameter count.

Keywords Image captioning.Self-attentive mechanisms, Potential associations, External prior module, Self-prior attention
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Table 2 Comparison results of SPA and classical attention
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EPSPA 80.8 38.6 29.3 58.5  131.5  22.7
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Fig. 2 Performance-Parameters chart
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GT: a motorcycle is parked in front of a truck.
Transformer: a motorcycle parked in front of a building.

EPSPA: a blue motorcycle parked in front of a truck.

(a)

GT: afire hydrant on a busy city sidewalk.
Transformer: a fire hydrant on the side of a street.

EPSPA: a yellow fire hydrant on a brick sidewalk.
(b)

GT: a baseball player swinging a bat at home plate.
Transformer: a baseball player holding a bat on a field.

EPSPA: a baseball player swinging a bat at a ball.

(e)

GT: aman in a black shirt and orange bow tie.
Transformer: a man in a blue shirt and a red tie.

EPSPA: a man wearing an orange bow tie and smiling.

(d)
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Fig. 3 Image captions generated by EPSPA model
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