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Hg Tracking Problem

» Known: the initial state (position and size) of the target in the first frame of the video
» Solve: the subsequent state of the target in each subsequent frame of the video
» Cue: Appearance & Continuity




ﬂg Challenges

» Different tracking objects
» Drastic appearance changes




HH Deep Learning-based Tracking by Detection Framework
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ﬂg Our Adversarial Transfer Networks
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Hg An Example

Testing video Similar video in the training set

Marissa Gutierrez
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HH Two Stage Framework

» Selection Stage
* Find the most similar sequence.

» Transfer Stage
» Make the features indistinguishable.

kNNS Reconstruction

 Source Domain

Adversarial Deep
Transfer Learning

Target Domain =

Discriminator




Hg Adversarial Transfer Networks (ATNet)
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Precision

Hg Experimental Results on OTB dataset
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ﬂg Qualitative Results

B Our Method(adversarial transfer) MDNet(has negative transfer)




Hg Visualization of Selection Stage

Bird1:vot2016/birdsl
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ﬂg Visualization of Transfer Stage using t-sne
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