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⇒ Ideal: “lowest-discrepancy” point set, {ui}∗ = arg min
{ui}
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“Stair function”
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Deterministic Sampling

1D samples with lowest discrepancy: Equidistant!

u∗
i = 2i − 1

2L
, i ∈ {1, 2, . . . , L}

Then: discr({ui}∗) = L−1

⇒ Convergence with L−1 instead of L−1/2
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Non-Uniform: Substitution / Inverse Transform

Gaussian: x∗
i = 1

2

[
1 + erf

(
x − µ√

2Σ

)]
→ “closed form”

Gaussian Mixture: 2i − 1
2L

−
K∑

k=1

wk

2

[
1 + erf

(
x∗

i − µk√
2 Σk

)]
!= 0 → need bisection
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Contribution 2: Fisher Information Optimization
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→ Closed form expression of f in the parameters of r
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params of r(x):
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i=1

IR
F (r) = IF (f)

∫
R

xm · f(x) dxf(x) = r2(x)
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Constrained
nonlinear
optimization

closed form expressions
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Optimization (2)
Tandem processing in root mixture space space R and original mixture space M

Root Mixture Space Original Mixture Space

r(x) f(x)

IRF (r)

Optimization

Conversion

Fisher Information Constraints

R → M

Si(f)

Root Mixture Mixture
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Demonstration

Measurement model: y = h(x) + v , h(x) = 1
10x3 − x , Σv = 2

⇒ Likelihood: Λ(x) = N (x; ŷ − h(x), Σv)
Measurement: ŷ = 2

x
−20 −10 0 10

f(x
)

0.0
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0.3

prior
likelihood
ground truth
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Context & Motivation (5)

Given density f̃(x)

Calculate least-informative pdf

Entire shape of f̃(x)

Finite number of
specifications Si ∈ S

Information
bottleneck

Desired density f(x)

General setup:
(Virtual) underlying true density f̃(x)
Discrete set of specifications Si
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