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Introduction
Variable ordering has been widely examined for the state
inference problem, but hardly so in the context of planning.
We present a novel tactic to improve the efficiency of
Belief Space Planning (BSP), by minimizing the cost of belief
updates, with no sacrifice in accuracy. The tactic also helps
cutting down on the cost of loop-closing in inference.

In planning, update the posterior information root matrix
for each candidate action 𝑢𝑢 using its (whitened) Jacobian 𝑼𝑼.

For each Jacobian, identify the involved variables (non-zero
columns), and update only from the first involved variable.

The approach continues our previous work which examined
efficient planning via belief sparsification [1,2].

Problem Definition
In a sequential Gaussian BSP problem, the belief at time 𝑘𝑘,
given the controls and observations taken until that time, is:
∗
−1
𝑏𝑏 𝑿𝑿𝑘𝑘 ≐ ℙ 𝑿𝑿𝑘𝑘 𝑢𝑢1:𝑘𝑘 , 𝑧𝑧1:𝑘𝑘 ) ≈ 𝒩𝒩(𝑿𝑿𝑘𝑘 , 𝜦𝜦𝑘𝑘 )

The belief is represented using 𝑹𝑹, the upper-triangular
𝑇𝑇
information root matrix, such that 𝑹𝑹 𝑹𝑹 = 𝜦𝜦𝑘𝑘 .

In information-theoretic BSP, we may measure the posterior
+
+
uncertainty with 𝐽𝐽 𝑏𝑏, 𝑢𝑢 ≐ ln 𝑹𝑹 + 𝜂𝜂, where 𝑹𝑹 is the
posterior information root matrix considering control 𝑢𝑢.

Avoid updating unnecessary variables while planning,
by applying the predictive variable order:
¬ℐ𝑛𝑛𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝒰𝒰
𝑃𝑃 =
ℐ𝑛𝑛𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝒰𝒰

pushing involved variables forwards.

Given a set 𝒰𝒰 of candidate control actions, we wish to
∗
find the optimal one 𝑢𝑢 = argmax 𝐽𝐽 𝑏𝑏, 𝑢𝑢 .

 Order can be incrementally updated when re-planning!

Active-SLAM problem:
navigating to a set goal.

Accumulated planning and inference times. Two scenarios:
(1) the path included loop-closing (left);
(2) the agent headed directly to the goal (right).
Re-planning is performed after every 30 inference steps.

𝑢𝑢∈𝒰𝒰

Unknown map, prior
knowledge only over
small areas.

 Contributes to loop-closing in later inference sessions!

Results .

Deciding between a
short direct trajectory,
and longer loop-closing
trajectories, in order to
reduce uncertainty.
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