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Action-Decision Networks for Visual Tracking with Deep Reinforcement Learning
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Visual tracking Problem setting (Markov decision process) EXE X3 Experiment setting
* Find the target position in a new frame. + Action: a;, defined by discrete actions  « State: s, = (p,,d,) « Reward: « MatConvNet toolbox, i7-4790K CPU, Nvidia Titan X GPU.
° Deep CNN-based traCkIng method (TraCk|ng'by'deteCt|On) «»f ‘ « »t ; == s |mage patCh: = R112#112%3 T(S ) 3 1, if IOU(pt, G) > 0.7 e Trained on VOT dataset & evaluated on OTB-100 dataset.
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— confidenc « SS:uses 1/10 gt annotations . | e
Approach i dt 7 e f |
* RL: reinforcement learnin 04 vl I Rl sl
s CEXES X o SotedX | ° e N e
: | I . — ADNet-init [o.élzs]] . = ADNet-init [0.6:310]

Action-driven trackin v . g g R I R . o 02 os o5 05
. g . . . Until ‘Stop’ aCtion OTB—lOO teSt resu ItS Location error threshold Overlap threshold
« Dynamically capture the target by selecting sequential actions.
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« Comparison with existing method. » Generate training samples of state-action pairs. > Can hand-le the seml superV|§§d case. |
Avr. 5 actions » Train policy network as multiclass classification with softmax. > Run tracking to a piece of training sequence. =0 == R e e e s e
» Then, reinforcement learning is performed to improve ADNet. > Gettrajectory of statesf, actions, and rewards {(s;, a, 7¢)}- o T 2 e e
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Previous frame CNN- based tracker [1] our method > Online adaptation on every I frames with N, online samples. | | » Train policy network to maximize the expected tracking d
_ ion i is mMi rewards.
[1] H. Nam and B. Han. Learning multi-domain convolutional neural networks for visual tracking., CVPR 2016. » Re-detection is conducted when the target Is missed.




