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Comparison EKF vs FG

Assumptions: Input: Outputs: Properties:
o fast recurrent
complete states  Zp Uy - Zp W, X, X, estimation
—’ : :
EKE - [—> o suffers from lineariz.
=> |[nconsistent loops
some conditional  z;,uy,...Z, U, X;,...X, O time-consuming
iIndependences -_— FG — estimation
Y =9

o relinearization
=> consistent loops

o SO0 far we only estimated expected mean of unknown variables
o Can we get also covariance similarly to EKF?
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o SO far we only estimated expected mean of unknown variables
o Can we get also covariance similarly to EKF?

o Assume that we can locally approximate posterior distribution arounad
estimated optimum x* by Gaussian.

p(x|z,u) = N (x; x*, X)

o Then factorgraph criterion (posterior in negative log-likelihood space) is
quadratic form

ZL(x) =—-logp(x|z,u) ® c+0.5(x —x*)'T7(x — x*)

o Second ordeproximation Of :?x\ound x* ool

LX)~ L) + VZESae=TT+ 0.5 x - xHH(x - x*) |

n optimﬂm ~0
o Comparison yields: X =H"!
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AX = arg min (sinx1)2 + (Xl + 1 — Xz)
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Let's try it on 2D tactorgraph problem
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Approximation is typically sufficient:
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The same Issue appears in machine learning approaches
ine fitting
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