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Gaussians

= Gaussian described by moments pu, >
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Canonical Parameterization

= Alternative representation for
Gaussians

= Described by information matrix ()
and information vector ¢
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Complete Parameterizations
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Towards the Information Form
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Dual Representation

p(e) exp(—z4"¢)
det(27Q~1)3

canonical parameterization

exp ( — %xTQx + fo)

p(a) = det(2n%) F exp (— 5z — )75 (@ — )

moments parameterization
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Marginalization and Conditioning

plend) = N([5 ] [ S50 552 ]) = v (A5 ] [ Asa )

MARGINALIZATION CONDITIONING
p(a) = [p(a,B)dB p(e| B) = p(, B)/p(B)
Cov. | B = Ha B = o+ LapTzh(8 — 1g)
FORM & _ 51 0 S = Yoo — SapRohSsa
INFO.| M = §la — AapAgmp n =1, — AapB
FORM) A = L oo — AaﬂAgﬁllAﬂ,,/iz Aa
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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

1: Kalman filter(us—1, X1, us, 2¢):

2: fir = Ag pri—1 + By uy

3: Z_:t = At Et—l Ag’ + Rt

4: K, =%, CHC E CF + Qi)™ !
5: pe = iy + Ki(2 - Cy fit)

6: Zt = (I - Kt Ct) Zt

7 return fig, 2
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Prediction Step (1)

= Transform %, = A; ¥y 1 AT + Ry
= Using %, ; =0}
» Leads to

Q, = (A0 AT + R
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Prediction Step (2)

= Transform ji; = Ay pe—1 + By wy
= Using fig_1 = Q&
» Leads to

& = QU(Ar pe—1 + By uy)
Q4 (A Qt__llft—l + By ut)
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Information Filter Algorithm

1: Information filter(& 1,1, uy, 2¢):

2: Q= (A QY AT + Ry) ™!
& = (A Qt__ll E—1 + Bt uy)

&

17

Correction Step

= Use the Bayes filter measurement
update and replace the components

bel(xy) =0 p(z | 24) bel ()

1 _ 1 _
= 7 exp (—5 (2t — Cox)" Q7' (2 — CtIt)) exp (—5 (e — )" S (2 - ﬁt))
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Correction Step

= Use the Bayes filter measurement
update and replace the components

bel(xe) = n p(z | @¢) bel ()

1 1 _
= 17 exp (—5 (2t = Cox)" Q7" (24 — Cﬂt)) exp (—5 (xe — )" S (e — ﬂt))

, 1 _ 1 _ _ _
= 1 exp (—5 (2 — Ct75t)T Q; ! (2t — Cyay) — ) (z¢ — m)T )N ! (z¢ — Ht))
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Correction Step

= Use the Bayes filter measurement
update and replace the components

bel(xs) = n p(z | x¢) bel(zy)

7' exp

n' exp

2

(
i o

== (2 — Cix)" Q7" (2 — Chy) — 3 (xe — )" St (e — ﬂt))

1 _ _ 1 — =
0" exp (—5 zf CF Q' Cray+al CF Q7' 2 — 3 o Qe+ x?fz)

—% (2t = Cox)" Qyt (20 — Cﬂt)) exp (‘% (e — )" 7 (w0 — ﬂt))
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Correction Step

= Use the Bayes filter measurement
update and replace the components

bel(x;) = 1 p(2: | ) bel(zy)
1 o _
= 1n exp ( Ctzt Ctzt)) exp (—5 (z¢ — ﬂt)T PN 1 (2 — pt)>
1 o _
= 77 exp Ctl’t CtIt) — 5 (It Mt) E 1 (It — /.Lt))

1
;FC, Q, C’tzt+a?, Ct Q, zt——z, Qtzt+z,§t)

= 7" exp (——xt [cT Q! Ci-i-ﬂt] z+al [T Q! zt+§t])
&t
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Correction Step

= This results in a simple update rule

bel(zy) = m exp (—% 2T e Q7Y C + Q) x + 2T [CT Q7' % +£_t})
Q, &t
T —1 S
G = Ct Qt Ci +
T —1 ~
& = COF Qp 2+ &
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Information Filter Algorithm

1: Information filter(&_1,Q_1,us, 2¢):

22 @t :_(At Qt—_ll Az—‘ + Rt)_l

3: & = D (Ay Qt__ll E—1 + Bt uy)
4: = CéT Qt_l Ct -I-_Qt

o G=CF Qi =+ &

6: return &;,
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Prediction and Correction

= Prediction

Q= (A4 QY AT + R)™!

& = (A Qt__ll Ei—1+ Br uy)
= Correction

Q = CF Q7' Ci+Q

& = CtTQt_lzt‘l‘gt

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?*)

*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

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

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

g(ug, e—1) g(ug, pip—1) + Gt (T—1 — pre—1)
h(z¢) =~ h(pe) + Hy (24 — [ig)

= with the Jacobians G, and H,

27

Prediction: From EKF of EIF

= Substitution of the moments brings us
from the EKF

> = Gy Y1 GF+ R,
pe = g(ug, pre—1)
= to the EIF
Q = (G, G+ Ry)™!

& = th(ut’ﬂt—_ll Ei—1)
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Prediction: From EKF of EIF

1: Extended Kalman filter(p;—1,3¢—1,ut, 2¢):

N

e = g(u, fre—1)
Zt - Gt Et_l Gz + Rt

¢

Extended_information_filter(§;—1, 41, u, 2¢):

w

—

Hi—1 = Qt__ll §i—1

Correction Step of the EIF

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

bel(zy) = mn exp (—% (z¢ — h(fie) — Hy (w0 — )" Q7

(o= ) = i G = ) 30— )55 o= o))

= This leads to

2: _
3 = (G L GT + Ry)™! Q = W+HIQ ' H,
4: by = s Mt = — _ _
e EIfmm & = &+ HT Q) (s — h() + Hy fin)
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Extended Information Filter EIF vs. EKF

1: Extended_information_filter(&;—1, Qi_1,us, 2¢):

Pt—1 = O I

Q= (G QY GT+Ry)™!

fe = g(ut, pre—1)

§e = Q[

Qt:9t+H;F Q; ' H;

& =&+ H Qi (20 — h(ju)+Hy fie)
return &, 2
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= 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

= Information filter vs. Kalman filter

= KF: efficient prediction, slow correction
= IF: 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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