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Problem Statement: Black-Box Optimization
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Given an objective function

f : X µ Rn æ R

Minimize f in a black-box scenario (direct search, no gradients)

x ≠æ ≠æ f(x)

Objective
• convergence to a global essential infimum of f as fast as possible

linear convergence, O(n log 1/‘) black-box evaluations

• find x œ X with small f(x) value using as few black-box calls as

possible

The black box can

• be non-convex, multi-modal/rugged, discontinuous, noisy, dynamic

• take from milli-seconds to hours to evaluate

◊



An Algorithm Template
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Open questions

• choice of P (x|◊)

• choice of update function F

J
algorithm design

• choice of ⁄ and ◊0

Ô
users choice

Generic Randomized Search Template

Given:

the objective function, f : X µ Rn æ R,

Choose:

a parametrized (search) distribution on X , P (x|◊),
an initial distribution, ◊0, and a sample size, ⁄ œ N.

for t = 0, 1, 2, . . .

1. Sample distribution P (x|◊t) æ x1, . . . , x⁄

2. Evaluate samples on f æ f(x1), . . . , f(x⁄)
3. Update parameters ◊t+1 = F (◊t, x1, . . . , x⁄, f(x1), . . . , f(x⁄))



An Algorithm Template
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Open questions

• choice of P (x|◊)

• choice of update function F

J
algorithm design

• choice of ⁄ and ◊0

Ô
users choice

Generic Randomized Search Template

Given:

the objective function, f : X µ Rn æ R,

Choose:

a parametrized (search) distribution on X , P (x|◊),
an initial distribution, ◊0, and a sample size, ⁄ œ N.

for t = 0, 1, 2, . . .

1. Sample distribution P (x|◊t) æ x1, . . . , x⁄

2. Evaluate samples on f æ f(x1), . . . , f(x⁄)
3. Update parameters ◊t+1 = F (◊t, x1, . . . , x⁄, f(x1), . . . , f(x⁄))

CMA-ES: family of multivariate normal 
distributions



An Algorithm Template
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Open questions

• choice of P (x|◊)

• choice of update function F

J
algorithm design

• choice of ⁄ and ◊0

Ô
users choice

Generic Randomized Search Template

Given:

the objective function, f : X µ Rn æ R,

Choose:

a parametrized (search) distribution on X , P (x|◊),
an initial distribution, ◊0, and a sample size, ⁄ œ N.

for t = 0, 1, 2, . . .

1. Sample distribution P (x|◊t) æ x1, . . . , x⁄

2. Evaluate samples on f æ f(x1), . . . , f(x⁄)
3. Update parameters ◊t+1 = F (◊t, x1, . . . , x⁄, f(x1), . . . , f(x⁄))

BFGS: family of Dirac distributions
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...a new search problem on    ...
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A new search problem
The algorithm template replaces the original search problem

(defined in X -space),

arg min

x

(f(x))

with a new search problem in �-space, the ”stochastic relaxation”

arg max

◊

(J(◊)) where J(◊) = E

x≥p(.|◊)
#
W

◊t(f(x))

$
,

where W

◊t is monotonous decreasing.

think of W (f(x)) as ≠f(x) for the time being

Both problems have the same solution (same optimum):

P (x|◊ú
) = ”(x ≠ x

ú
) for all W

◊t

i.e., Pr(x = x

ú | ◊ = ◊

ú
) = 1.
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Time-continuous gradient flow

inducing the time-continuous gradient flow

d
dt

◊t
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IGO on one slide
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d
dt

◊t
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IGO on one slide
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d
dt ◊t

d
dt

◊t
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The update
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d
dt ◊t
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The direction
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Unique Steepest Ascent

● gradient and Newton direction use a different inner product or 

metric to define the “gradient”:

● only the Newton direction is invariant under affine coordinate 

transformations, hence distinguished
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A Metric for Probability Distributions

The Fisher information metric is the curvature of the entropy and 

implies an informational difference between probability 

distributions 

The natural gradient                       uses the Fisher information 

metric (the respective inner product)

Among all gradients, the natural gradient is distinguished as being 

invariant under   -re-parametrization and compliant with KL-

divergence (relative entropy, informational difference)

Remark: all previous derivations hold for any gradient and are 

independent of the underlying problem f . 
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The direction
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The update
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Ø
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Choice of W

Æ
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Defining W

Arnold et al 2011. Information-Geometric Optimization Algorithms...
Nikolaus Hansen, Inria, University Paris-Sud
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Defining W

Arnold et al 2011. Information-Geometric Optimization Algorithms...
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W (f(x)) = w(CDFf (f(x))), to be maximized
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Approximation of

truncation 
selection
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Information-Geometric Optimization Algorithm
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Information-Geometric Optimization Algorithm

 
not covered (but relevant in practice):

● different learning rates for different components of

● low pass filtering over several iteration steps

● the principle is insufficient for step-size control!?
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Discrete parametrization
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