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Deep learning algorithms are able to learn powerful representations for many tasks. These models’ outputs are
often taken blindly and assumed to be accurate, however, which are not always the case. This blind assumption
causes many issues such as AI unsafety and social bias. Therefore, a meaningful measure of uncertainty is essen-
tial. It has been shown that Monte Carlo (MC) Dropout can model epistemic uncertainty, and enhance model
performance in machine learning tasks. In this paper, we propose an evaluation method of uncertainty in image
caption retrieval and verified its significance by qualitative evaluation. Also, we show that a learning model using
MC Dropout improves accuracy in image caption retrieval.
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1: Results on the MSCOCO dataset

Dropout Caption Retrieval Image Retrieval
Model VGG GRU #models R@1 R@5 R@10 Med r Mean r R@1 R@5 R@10 Med r Mean r

VSE++(baseline) © × 1 49.6 78.6 88.2 1.8 6.0 37.3 72.2 84.3 2.0 9.2
+ dropout © © 1 50.1 78.6 87.8 1.6 6.2 38.1 73.1 85.2 2.0 8.5

+ MC dropout © © 1 43.2 73.7 84.2 2.0 8.0 31.2 65.1 78.6 3.0 13.9
+ MC dropout © © 10 49.3 79.2 88.6 1.6 6.2 37.4 72.3 84.8 2.0 8.7
+ MC dropout © © 30 49.8 79.1 88.6 1.8 5.9 37.9 72.9 85.0 2.0 8.4
+ MC dropout © © 50 50.4 79.5 88.5 1.6 5.9 37.5 73.0 85.2 2.0 8.5
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1: Left is R@1 for image retrieval. Right is Ri@1 for text
retrieval. Horizontal axis means the rate of decreasing the
query.
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2: Examples of input images in MSCOCO dataset with high and row data uncertainties. The top row shows top 5
examples with high epistemic uncertainty. The bottom row shows bottom 5 examples.

2: Examples of input texts in MSCOCO dataset with
high or low data uncertainties.

highly uncertain texts
· A person is doing something that is quite fun.
· A person is separated from everyone else in the picture
and doing something there.
lowly uncertain texts
· A bench is sitting amongst the trees and the bushes.
· A boat floating on a lake next to a shore.

3: Distribution of epistemic uncertainty. Blue denotes
MSCOCO, and red denotes Flickr30k.
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