Visualizing statistical models in Minkowski space
ISKL embedding
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Recap : Visualizing Ising model with Hellinger distance

Hellinger distance
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Recap : Visualizing Ising model with inPCA

Hellinger distance Bhattacharyya distance
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InPCA of Ising model
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InPCA of Ising model
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Alternative distance measure : symmetrized KL divergence

Relative entropy ( KL divergence)
Given distribution P and Q

KL(P|Q) = z P;log P; — P; log Q;
L
Locally, corresponds to Fisher Information Metric

KL(P(8)|P(0 + 60) ~ FIM

Symmetrize it

P;
DS?KL(PI Q) = Z(Pi — Q) log (al)

**0One can check that symmetrized Kl divergence is intensive as well



Back to Ising 2D model
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Assignment 4.2
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One can show that 5y and T(.) are the axis of projections in
Multidimensional Scaling (MDS)



Ising 2D model
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Ising 2D model
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Critical Point
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Issues raised previously — Fixed!
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Exponential Family

p(x]0) = h(x) exp(n(0)@(x) — A(6))

v /

Base Measure Log partition

Natural Sufficient

Parameter Statistics
Coin toss Ideal Gas Nonlinear least square
P(xlp) =p*(A1—p)'™  p(P.Q.VIP. ) =Z""(P. pyexp (—pP*/2m — pPV)  P(x|60) =TI, 21 - eXp (— %)
h(x) =1 h(x) =1 h(x) = =3 x2/o}

_ p — (—fR —
n(p) = log == n(6) = (=5, ~AP) n:(6) = £,(8)/o;
IP)Z

d(x) =x P(x) = (%;V) Dd(x;) = x;/0;

A(p) = —In(1 —p) A(@) = —-In(Z(P,B)) A(0) =Y, f*(0)/20? + In(2ma?)/2



Gaussian Fits
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Exponential Family Examples

Ideal Gas

Muon lifetime
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For any n parameter statistical model that fits into the exponential family
p(x[6) = h(x) exp(n(8)P(x) — log(A(F))
isKL embedding gives (n + n) embedding dimension
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Non exponential family : Cauchy distribution
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