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Gaussians

= Gaussian described by moments pu, 2.
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p(x) = det(27%) "% exp ( _
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Canonical Parameterization

= Alternative representation for
Gaussians

= Described by information matrix ()
and information vector ¢
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= and information vector ¢

E=X"p



Complete Parameterizations

moments canonical




Towards the Information Form
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Towards the Information Form

p(x)
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Towards the Information Form

p(x)
= det(QWZ)_% exp (

l\:JIr—k
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Dual Representation

- eXp(—§,LL §) _1 T T
ple) = det(270-1)3 p< gt 5)

canonical parameterization

p(z) = det(2r) ¥ exp 2 (x— )" S " (z — p))

moments parameterization
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Marginalization and Conditioning

pleB) =N ([55 ]s [so0 s ) = (s ][22 422 )

E,Ba E,Bﬂ A,Ba A,Blg
MARGINALIZATION CONDITIONING
p(a) = [p(e, B)dB p(a| B) =p(a, B)/p(B)
Cov. | = Ky, po=po + Zaﬁzgé (B = pp)
FORM _
Y =Yoo > = Blzﬁa
INFO. —
FORM A —
o expensive
trivial

Courtesy: R. Eustice 12



From the Kalman Filter to the
Information Filter

= Two parameterization for Gaussian
= Same expressiveness

= Marginalization and conditioning have
different complexities

= We learned about Gaussian filtering
with the Kalman filter in Chapter 4

= Kalman filtering in information from is
called information filtering
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Kalman Filter Algorithm

Kalman filter(u:_1, X1, us, 2¢):

K, =3, CT(C, S CF + Q) !

pe = e + Ke(ze — Cy jig)
Zt — (I— Kt Ct) Zt
return i, 2¢
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Prediction Step (1)

* Transform X, = A, ¥, Al + R,
= Using 3, ; = Qt—_ll
= | eads to

Q, = (A4, Q1 A + R)™!

15



Prediction Step (2)

» Transform [ = A; pi—1 + B uy

= Using fig—1 = Q&1
= Leads to

& Qi (A¢ pe—1 + By uyg)

|
=
=
=
o
|
+
oy
£
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Information Filter Algorithm

1: Information_filter(& 1,1, us, 2¢):

2: Q; = (A, 4 AT + R

3: ft Qt(At Qt 11 Et—1 + By Ut)
4.

5%




Correction Step

= Use the Bayes filter measurement
update and replace the components

bel(z¢) = n p(z | x1) bel(wy)
= 7 exp <—% (2e — Cox)” Q" (21 — thUt)) exp <—% (we — fie)" S (@ — ﬂt))
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Correction Step

= Use the Bayes filter measurement
update and replace the components

bel(z¢) = n p(z | x1) bel(wy)
= 7 exp <—% (2e — Cox)” Q" (21 — thUt)) exp <—% (we — fie)" S (@ — ﬂt))

1 1 _
= 7 exp <—§ (2t — Ciwe)" Q' (2 — Cuary) — 5 (@ = i)t By (- ﬂt))
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Correction Step

= Use the Bayes filter measurement
update and replace the components

bel(z¢) = n p(z | x1) bel(wy)

1 1 _
— e (—5 (2 — Cuar)” Q7" (24 ctm) exp (—5 (20 — i) 57 (s — m))

1 1 _
= 7 exp <—§ (2t — Ciwe)" Q' (2 — Cuary) — 5 (@ = i)t By (- ﬂt))

1 _ _ 1 o+~ _
= 7" exp (—5 ! CL Q' Cyxy +xl CF Qtlzt—ga}’f thtﬁ—xfft)
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Correction Step

= Use the Bayes filter measurement
update and replace the components

bel(z¢) = n p(z | x1) bel(wy)

1 1 _
— e (—5 (2 — Cuar)” Q7" (24 ctm) exp (—5 (20 — i) 57 (s — m))

1 1 _
= 7 exp <—§ (2 — Cowe)" Qi ' (20 — Core) — 5 (we — )" 577 (2 — ﬂt))

2
= 1" exp (—

DO | —

1 _ _
:z:;p Cth_l Cta:t-l—:vtTC’,’gr Qt_l zt—gxg’thtﬁ—xfft)

2 A\

1 B _ B _
= 77” eXp | —3 5’3? [CtT Qt ' Ct + Qtl Tt + 5’3? \[CtT Qt ! zZt + §tl)

Q4 3
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Correction Step

= This results in a simple update rule

bel(ry) = n exp (; [E,{ LC;‘F Qt_l Cy + Qtl T + :I?tT LC;F Qt_l zZt + ftl)
o, &
T —1 e
Qy = Cp Qp G+
T —1 ~
& = COp Qp z+ &
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Information Filter Algorithm

1: Information_filter(& 1,1, us, 2¢):

2: Qt — (At Qt 11 AT -+ Rt)
3: ft Qt (At Qt 11 €t 1 Bt ut)




Prediction and Correction

= Prediction

Q, = (A, QY A+ R

& o= (A Qt__ll &1 + By uy)
= Correction

0, = ¢/ Q' O+

¢ = C?Qt_lzt‘th

Discuss differences to the KF!
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Complexity

= Kalman filter

= Efficient prediction step: O(n?)*

= Costly correction step: O(n® + k*4)
= Information filter

= Costly prediction step:  O(n**)

= Efficient correction step: O(n?)*

= Transformation between both
parameterizations is costly: O(n?4)

*Potentially faster, especially for SLAM; depending on type of
controls and observations
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Extended Information Filter

= As the Kalman filter, the information
filter suffers from the linear models

= The extended information filter (EIF)
uses a similar trick as the EKF

» | inearization of the motion and
observation function
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Linearization of the EIF

= Taylor approximation analog to the
EKF (see Chapter 3)

2

g(ue, ir—1) + Gy (L1 — pe—1)
h(p:) + He (2 — [ir)

g(utv xt—l)
h(z+)

X

= with the Jacobians G, and H;
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Prediction: From EKF of EIF

= Substitution of the moments brings us
from the EKF

it — Gt Zt—l G? —|— Rt
pe = g(utmut—l)
= to the EIF
Q, = (G, G+ R)™!

& Qs g(uy, Qt__ll E—1)

28



Prediction: From EKF of EIF

1: Extended_Kalman_filter(u;_1,>: 1, us, 2¢):
2: e = g(ug, pe—1)

3: Zt — Gt Et—l G? -+ Rt

1: Extended_information_filter(&; 1,1, uy, 2¢):
2: Pt—1 = QY &g

3: Qt — (Gt Qt__ll G%r -+ Rt)_l

4: e = g(ug, pre—1)

D! Et = Uy [y
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Correction Step of the EIF

= As from the KF to IF transition, use
substitute the moments in the

measurement update

bel(r;) = n exp (—% (zt — h(ir) — Hy (24 — ﬂt>)T Qt_l

(o = ) = Hi Gz = ) = o — )75 (o1 = )

= This leads to
Q: = Qi+ HtT Qt_l H,
& = &+ H Qp' (2¢ — h(fie) + Hy fit)
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Extended Information Filter

1:

Extended_information_filter(&;_1, 1, us, 2¢):

Mt — 1—Qt_1£t 1

Q= (G, QY GT + R) ™!
e = g(ug, pg—1)
ft—QtMt
Qt—Qt‘l‘HTQt

& =&+ HE Q;F ( h(ﬂtHHt fit)
return &, Qt
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EIF vs. EKF

= The EIF is the EKF in information form

= Complexities of the prediction and
correction steps differ

= Same expressiveness than the EKF
= Unscented transform can also be used

= Reported to be numerically more
stable than the EKF

= In practice, the EKF is more popular
than the EIF
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Summary

= Gaussians can also be represented
using the canonical parameterization

= Allow for filtering in information form

= [nformation filter vs. Kalman filter

= KF: efficient prediction, slow correction
= [F: slow prediction, efficient correction

= The application determines which filter
is the better choice!
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Literature

Extended Information Filter

= Thrun et al.: “"Probabilistic Robotics”,
Chapter 3.5
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