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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.

feature 
extraction

CNN

Spatial maxpool aggregation 
wrt. geometric projection

observation 
map

Lattice PointNet (LPN)

action
prediction

reward map

value map

Value Iteration 
(𝑘 times)

Observation Map
𝑂 × 𝑋 × 𝑌

softmax𝑎( መ𝐴logit(𝑠, 𝑎))
{(𝑠, 𝑎∗)}

{(𝑠, 𝑎∗)}

𝑉(0)(𝑠)

Init: zeros

෠𝑃 𝑠𝑠′ 𝑎

𝐴 × 𝐾𝑥 × 𝐾𝑦

{(𝑎∗, 𝑠𝑠′)}

෠𝑅(𝑎, 𝑠𝑠′)
𝐴 × 𝐾𝑥 × 𝐾𝑦

መ𝐴(𝑠, 𝑎)
𝐴 × 𝑋 × 𝑌

𝑄(0)(𝑠, 𝑎)
𝐴 × 𝑋 × 𝑌

𝑅(𝑠, 𝑎, 𝑠′)
𝐴 × 𝑋 × 𝑌

𝜎( መ𝐴logit 𝑠, 𝑎 − መ𝐴threshold(𝑠))

(𝐴 + 1) × 𝑋 × 𝑌

መ𝐴logit(𝑠, 𝑎)

መ𝐴threshold(𝑠)

𝑄(1)(𝑠, 𝑎) 𝑄(𝑘)(𝑠, 𝑎)

𝑉(1)(𝑠) 𝑉(2)(𝑠) …

…

Input

Training labels

CNN

Trainable 
parameters

maxpool maxpool

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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