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Abstract: One of the challenges of image captioning is selectively generating captions using latent

variables, where existing approaches have tackled by using a set of known factors and learning with

an annotated dataset. On the other hand, in order to leverage potential latent variables on datasets,

a mechanism that automatically learns them is required. In this research, we propose a framework

based on generative adversarial networks toward conditional image captioning, a task generating

captions conditioned with images and latent variables. In experiments, we demonstrated that our

proposed model can learn and leverage latent variables on the image classification with several

ground truth labels.
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