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Canonical Gaussian Parameterization

§ ~ N(p’ta Zt)

_ A =21 information matrix
~ N 1 (’l’]t, At) W t ¢

1 = A¢pt,  information vector

* Encodes Markov random field

e v Represents independence relationships

e v p(Xt+l|Xt7m17m27m37m47m5) :p(xt—i—l|xt)

IROS’ 2005 3



Duality of standard and information forms

Covariance Form Information Form

Conditioning
_ pla,B8)
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Covariance Form

Information Form

Consequences for EKF and EIF ™

p =,
¥ = Yoo

N =1, — Aaphgsns
N = Ao — AapA3tAge

Cond.

1= po + TapT5(8 — pp)
3 =3 = W i

n' =mn, — AagB
A=A,

|. Measurement update step:

z; = h(§;) + vy
~h(p,) +H (& — py) +ve

H:[O ... oh 00 s, Oh 0]

8_)(1' an

m, =n,+H'R™" (2, — h(p,) + Hp)
A=A +H'R'H

!

non-zero only for observed features

a. Computationally cheap’

b

Creates/strengthens links with observed

" features only

" Linearization requires knowledge of the mean
(Involves full matrix inversion: ~ O(n?®) )
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Covariance Form

Information Form

Consequences for EKF and EIF ™

p =,
Y = T

N =1, — Aaphgsns
N = Aaa — AapA33Apa

Cond.

B =y + TapZs5(8 — mg)
Y = Lo — DaplgsSse

n' =1, — AapB
A = Aaa

ll. Time projection step: state augmentation + marginalization

p (Xt41, M) = /p(xtvxt—l—hM) dxi

Xt+1 m;

mp msz mmy s

Xt+1 X¢ MMy

m m3 my Imms

X1 Xt41

Xt m;

m; my

a. ~ O(n°)
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ms;

IROS’ 2005

c. Weakens shared information.

cubic in the number of states

b. Populates the information matrix




SEIF’s key insight:

Information matrix is relatively sparse
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small but not zero
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Advantages when truly sparse

|. Linear time projection is constant-time.
2. Greatly reduced storage requirements.
3. Approximate mean calculation is efficient.

4. Given the mean, nonlinear time projection is constant-time.
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Advantages when truly sparse

|. Linear time projection is constant-time.

2. Greatly reduced storage requirements.
3. Approximate mean calculation is efficient.

4. Given the mean, nonlinear time projection is constant-time.

But the information matrix is fully populated!
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Controlling density: limit number of active features

Xt m+ m
ﬂ m~  active features
@) :

N m*'  passive features
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Controlling density: limit number of active features

ﬁ m* active features
@ m~ passive features

@)

active features to
be made passive

] X, M m m

Pacify active landmarks by breaking weak links ~ m’

P
@

IROS’ 2005



Controlling density: limit number of active features
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Controlling density: limit number of active features
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Deactivation = Imposing conditional independence

m"’ active features

active features to
be made passive

mO

m~ passive features

o

@

p (&) =p(x/m", m")p(m", m”, m") p (&) =p(xm")p(m" m’ m")

How we sparsify

How do we force p(x:/mt, m°) —s p (x¢:/m™)? . =
is nontrivial!
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Sparsification in SEIFs @/ﬁ
@)
,m_)p(mo,m+,m_)

M = a) P (mo, m+, m_)

0 +

Bayes rule: p(x¢, m’, m", m”~) =p(x; | m’, m"

:p(Xt ’ m07m+

C.L

SEIF’s rule deactivates link by forcing conditional
independence to feature we want to deactivate

X; M m- m
A ﬁSEIFs<Xtam0>m+,m_) =p(x: | mT,m” =a)p (mo,m+,m_)

@)
@
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Sparsification in SEIFs @/4

@)
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only requires
matrix inversion
on the order of
the number of
links we are
breaking
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Sparsification in SEIFs @/4
+ @)

m) = N (f1,, 3)

~ 0
PSEIFs (Xt, m-,m
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S5 = 57 ot (1= B8 (S TtS=) T S0= ) S

x,mT
Yo = ST, (1 —%,8,,- (S Etsm_)‘ls;_)ztsm
ZD — ST—lr_LO,m+,m_EtSmO,m+,m_

IROS’ 2005 | 4



Roadmap

| Introduction

a. Normal form vs. Information form in SLAM

b. Motivation for Sparse Extended Information Filters

Il Sparsification in SEIFS

Il Modified sparsification rule
IV Results

V Conclusions

IROS’ 2005

|5



Modified sparsification rule
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] X, M m m

@)
O,

requires matrix
inversion on the
order of the
number of links
being removed

No longer constant time
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LG simulation results
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LG simulation results

root-shifted

global
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Nonlinear dataset
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Nonlinear dataset

Global map

Modified-Rule
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Nonlinear dataset

Root-shifted map
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Conclusions

IROS’ 2005

Insights into Sparsification of Information Form
SLAM algorithms

Modified rule corrects problem in original SEIF
derivation, but is no longer constant-time
Experimental results show that SEIFs are globally
iInconsistent, however consistency is maintained
when the map is expresed as a relative map in a
local frame defined by one of the features
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Covariance Form

Information Form

po=p, N =1, — AapAgang
M . / / =1
Consequences for EKF and EIF ™2 s |vca— s
W= py +SapSi(B—pg)| N =m0 — AasB
Cond.| 55 sstn, -
ll. Time projection step: state augmentation + marginalization
p (X¢41, M) = /P(XtaXtHaM) dx o = {Xyy1, M1, Mg, M3, My, ms | B =xy

Xy mMj] Mo mM3 1My g
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Robot’s conditional independence from passive features

<

e
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T

o — 0 +\ _ Ar—1/¢ . |
P (Xf‘nl ‘ m ., m ) =N (‘5.1'-,,;71*5[' 77.:';.)71*|m".n‘1“ *'\.r,.n':*|m".m' )
*‘:\.r, m— | mYmT = ‘S'T, m i’\f‘sv.r,.m ¢ extract Xt m sub-block
) . ~ | il / - \ |
”.r,-.m [mYm- = ‘S.r,.m*nf o (‘S.r!.m*‘\f‘sm“.m')‘Sm":m'gl‘

x; m~ The conditional information matrix is block-diagonal and the
mverse of a block-diagonal matrix is also block-diagonal. This
implies that the robot and passive features are uncorrelated which
m- for a Gaussian RV implies independence. QED
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