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6. Experimental Results

Query images are classified combining on\y visual features extracteo by the AlexNet

® Image classitication is a challenging

additiona

requiring

NUS-WIDE dataset considering ~190,000 images and 5000 tags.

er-image/per-label mean Average Precisions (mAPs) metrics show that LTwin model achieves SOTA results compared

QOur experiments are performed on the
CNN pre-trained on ImageNet. D

information to Correcﬂy annotate images.

e We blend visual features extracted from neighbors and CNN - FC to several baselines and all the models outperform the visual-only baseline.
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The prediction 8(x,0) is the average of f(x,2;0) over all candidate neighbourhoods: o o S (] Visual Models (] Joint Models
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To correctly recover similar images, our models use metadata which are directly fed to the - - FC - C
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