AdaGlimpse: Active Visual Exploration with Arbitrary Glimpse Position and Scale
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amount of information. ImageNet-1k dataset. Note that Pixel % denotes the Reconstruction results: RMSE obtained by our model
percentage of image pixels known to the model. for reconstruction task against baselines on
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Idea: let the vision model directly guide navigation P > ! P P imageNet-1k, SUN360, ADE20K and MS COCO.
and a Soft Actor-Critic RL agent:
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position and scale, e.g., using a simple
pan-tilt-zoom camera for robotic platforms.
Similarly, UAVs can alter their position and Read more at
altitude freely.
Our solution: Adaptive active visual exploration
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AdaGlimpse processes glimpses of arbitrary position and scale, fully exploiting the capabilities
of modern hardware:
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= At each step, the model uses previously acquired observations to predict both the target (in
the above example the class of the image) and the best position and scale for the next

observation, selected from a continuous space.
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