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Problem

Given expert demonstrations (trajectories of poses,
RGB-D images and chosen actions), learn a
navigation strategy that finds the target while
avoiding obstacles in novel environments. The nature
of obstacles and targets are learnt rather than given.
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Collision Avoidance Long-term Value Iteration Network (CALVIN)

Method

𝑃 𝑠𝑠′ 𝑎 = 𝑃 𝑠𝑠′ 𝑎 × መ𝐴(𝑠, 𝑎, 𝑜)
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CALVIN improves upon
VIN1 in four ways:
• Decomposes transition model
• Penalises invalid transitions better
• Better sampling strategies
• Robust navigation in 
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