
Embedding and retrieval of images and text data using probability distribution

∗1
Kenta Hama

∗1
Takashi Matsubara

∗1
Kuniaki Uehara

∗1
Graduate School of System Infomatics, Kobe University

Multimodal data including images, sounds, texts is accumulated on the Internet. We can expect general-purpose
data representation to perform tasks such as data discrimination, generation, and retrieval on various modalities
datasets. The key idea for acquiring the representation is embedding a point from a data space of each modality in
a point of common space. However, if data is embedded in a point, it becomes difficult to interpret the ambiguity
of the data’s meaning and the inclusive relation among the data. Of course, representation of data point does not
necessarily need to be a point. In this study, we embed image and text into a normal distribution in a common
space. This improves the performance of image retrieval.
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1: The whole model of the proposed method.
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1: Effect of feature and fine-tuning.

Caption Retrieval Image Retrieval

Model R@1 R@5 R@10 Med r Mean r R@1 R@5 R@10 Med r Mean r

VSE++(VGG) 52.0 82.0 89.9 1.0 5.3 39.6 74.5 85.7 2.0 9.6

Ours(VGG) 52.6 82.3 90.5 1.0 5.2 40.5 75.0 86.2 2.0 8.5

VSE++(ResNet) 59.2 86.1 93.2 1.0 4.0 43.8 78.0 88.2 2.0 7.6

Ours(ResNet) 59.4 86.7 93.8 1.0 3.8 44.9 78.9 88.9 2.0 6.7

VSE++(VGG, finetune) 57.6 86.0 93.0 1.0 4.1 45.2 79.1 88.9 2.0 8.3

Ours(VGG, finetune) 58.4 86.5 93.6 1.0 4.1 45.4 79.3 88.9 2.0 7.5

VSE++(ResNet, finetune) 64.3 89.5 95.9 1.0 3.1 50.0 83.3 91.4 1.6 6.0

Ours(ResNet, finetune) 64.3 90 96.3 1.0 3.1 50.5 83.3 91.4 1.4 5.4
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Rank

Caption VSE++ Ours

Passenger bus stationary in traffic on city street. 3 2

A modern city commuter bus in traffic during the day 2 1

A bus parked on the side of the road while in traffic 5 6

a modern train is parked against the sidewalk curb 665 282

A bus stops at a curb in a busy city street. 6 3

2: An example of greatly improving Mean r.
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