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Wolz et al. 2012

-0.2 0.0 0.2 0.4 0.6 0.8 -2 -1 0 1 2 3

Often, higher order derivatives will exist and encode the
non-Gaussianity of the likelihood.
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Approximate a Likelihood

L =exp(—-£L)
where
L= %Tr [In(C) + (@ - €' (d - )]
It's not just a usual Taylor approximation!

It's a Taylor approximation under the additional constraints of
normalizability and positive-definiteness.
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Approximating

Ln(a) Sellentin ITP Heidelberg



T SR C T
Derivative exp

Expand the mean or the covariance matrix:

n 1 1
HP) = [+ 1o ADa + SHap APalDp + 31H psAPaAPAPS.-.

o 1 1
Clp=C+0C,,Ap, + EC,C,,B Ap.Apg + yC,Qﬂy ApoApgAp, ...

1 R 1 B R 1
P ~ Nexp _E(d - —p,Ap, - E,uﬁnﬁAp(,ApB —.)CNd - — o APy — E,u’nﬁAp(,Apﬁ —..)
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‘Someone’ said:
"Is just a forecasting code! Just makes shapes funnier than the
Fisher matrix.”
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uclid precisioy

Without priors!
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What about the Cramer-Rao
inequality?

Var(9) > Fgg

var(f) > F 591

Fisher matrix vs. Fisher information:

4 05 00 05 10 15 20 _ff(x)agaGIOg [f(0)]dx =

f F00 (9 logL (0] dx - f Bdsf (D
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e Use L as potential ’energy’, add randomized kinetic energy

Acceptance rate: 0.02 — 0.3 - 0.5

e time/sample: .4y 10 < tur — Speed up factor depends on leap frog steps

e Works also with real data!
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DALl is better also quantitatively:
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Parameter inference with
estimated covariance matrices
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Estimated cova ge matrices
» PO ., O i /

Data from a Gaussian distribution:
XO ~ gp(ﬂ’ Z)

1 1
L= ———exp|-—=(Xo — )2 (X, —
G ) p( 2( o~ M) (Xo ﬂ))
What if £ cannot be calculated from first principles, but must be
estimated?

N
1 _ _
S:m;:l(x,-—X)(Xi—X)T (for N >0 §—7X)

— Additional complications:
e S is a random variable, whereas X is not
o S!is biased wrt 7!
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Estimated cova
» PN~ O el ="

The biased inverse:

N-1
S—l — Z_l
(S N-p-2
The old recipe (Hartlap et al (2007)):

1 _
exp (-5 (Xo — p) ST (Xo - )

1
Lg=—
9 Neors) 2

Still leads to biases of the inferred parameters!
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Estimated cova

-

Correctly replacing X by S :

P(Xolu, S, N) = f dX Lg(Xolu, X) @)

How do you get P(Z|S, N)?
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Estimated cova ge matrices
» PV~ O~ -

Construct P(Z|S, N):

o S=+ 3N (X - X)(X; - X)T follows a Wishart distribution
WSIE/(N = 1),N = 1)

o Invert with Bayes’ Theorem: P(Z|S, N)r(S) = W(S|X/n, n)r(X)
by using some priors 7(X)

The prior discussion...

¢ We use an independence-Jeffreys prior n(X) o |Z|‘%.
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e matrices

Solve P(Xolu, S, N) = [ dE Lg(X,lp, X)

cplSI7!2
P(Xolﬂ’S’N) = N
Xo-w)'S™ ' Xo—p) |2
[1 L vy aa—
0.4 T T T T

T
Gauss( <S'1>)
0.35 | Gauss( 0. <S" > ) i
: t-distribution
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e matrices
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probability density function

X =Xo - 27 (Xo - p)
H =X, - aS™' (X, - p)
% = Xo - )" §7' (Xo - p)
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Merci :)
—End of Talk—
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