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T
H

E
IC

A
P

R
O

B
L

E
M

LetX
=

(x
1 ,...,x

n )
T

be
the

observable
m

ixture
ofsources

S
=

(s
1 ,...

s
m

)
T

X
=

A
S

,
w

here
A

=
(a

ij )
is

an
m

×
n

m
atrix

A
ssum

ing
that

1.
P

(s
1 ,...,s

m
)
=

P
(s

1 )···P
(s

m
)

(independence)

2. ∀s
i

butone
are

non–G
aussian

F
ind

dem
ixing

m
atrix

W
≈

A
−

1
such

that

Y
=

W
X

≈
A

−
1X

=
S
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M
E

A
S

U
R

E
O

F
IN

D
E

P
E

N
D

E
N

C
E

W
e

seek
W

to
m

inim
ise

m
utualinform

ation
in

Y

I(Y
)

=
n

∑i=
1

H
(y

i )−
H

(Y
)

=
n

∑i=
1

H
(y

i )−
H

(X
)−

ln|W
|→

0

F
or

pre–w
hitened

X
,ln|W

|=
0

,and
therefore

W
=

arg
m

in
W

H
(y

1 )
+

···+
H

(y
n )
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D
IR

E
C

T
E

N
T

R
O

P
Y

E
S

T
IM

A
T

IO
N

To
estim

ate
H

(y
i ),w

e
use

the
directapproxim

ation
due

to
V

asicek

(1976):H
(z

1,...,z
n)≈

1n

n−
m

∑i=
1

ln (
nm

(z
(i+

m
)−

z
(i)) )

w
here

z
1,...,z

n
is

a
sam

ple
ofrandom

variable
Z

,and
z
(i)

is
a

non–decreasing
ordering

z
(1

)≤
...≤

z
(n

).

W
e

shallm
inim

ise ∑
ni=

1
H

(y
i )

by
rotating

W
by

angle
θ

as
in

Learned-M
iller

and
F

isher
(2003).
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JA
C

O
B

IR
O

TA
T

IO
N

S

U
sed

to
rotate

W
in

i,j
plane

by
angle

θ

J
(i,j,θ)

=



1
···

0
···

0
···

0

...

...

...

...

...

0
···

c
o
s

θ
···

−
sin

θ
···

0

...

...

...

...

...

0
···

sin
θ

···
c
o
s

θ
···

0

...

...

...

...

...

0
···

0
···

0
···

1 

In
tw

o
dim

ensions
J

(θ)
=

(
c
o
s

θ
−

sin
θ

sin
θ

c
o
s

θ

)

W
n
e
w

=
J

(i,j,θ)W
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T
H

E
A

G
E

N
T

A
R

C
H

IT
E

C
T

U
R

E

T
he

follow
ing

decision–theoretic
agents

architecture
is

used

(B
elavkin,in

press)

X
=

{x
1 ,...,x

m }
percepts

Y
=

{y
1 ,...,y

n }
preferences

(e.g.
Y

=
{

success,failure}
)

Z
=

{z
1 ,...,z

k }
actions

T
he

M
arkov

transition
m

odelP
(X

,Y
,Z

)
=

(p
kij ),w

here

p
kij

=
P

(x
i ,y

j ,z
k ),is

used
as

the
associative

m
em

ory
and

can
be

used
for

B
ayesian

inference

P
(Y

|
X

,Z
)

=
α
P

(X
,Y

,Z
)
,

w
here

α
=

1
‖
P

(Y
|X

,Z
)‖
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S
E

T
T

IN
G

U
P

T
H

E
A

G
E

N
T

F
O

R
IC

A

•
Letangles

θ∈
[0,π

/2]
be

the
percepts

ofthe
agent

•
C

hanges
ofangle

∆
θ∈

[θ −
,θ

+
]

be
the

actions

•
C

hanges
ofentropy

∆
H

=
∆

∑
ni=

1
H

(y
i )

be
related

to

preferences
(i.e.

negative
change

∆
is

a
success)

W
ith

this
setup,the

agentlearns
w

hich
rotations

∆
θ

m
inim

ise
the

entropy
faster

P
(∆

H
|
θ,∆

θ)
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M
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G

T
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O
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O
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R
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E
S

S
ource 1

0
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t
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S
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0
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t

s
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A
=

M
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0
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M
A

R
G

IN
A

L
E

N
T

R
O

P
IE

S

B
y

changing
the

angle,the
agentsearches

the
angle

space

θ∈
[0,π

/2]
in

order
to

m
inim

ise
m

arginalentropy

E
ntropy m

inim
isarion

0
45

90

0 1 2 3

A
ngle

H
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D
E

M
IX

IN
G

T
H

E
S

IG
N

A
L

S

0

-2 -1 0 1 2

t

y

0

-2 -1 0 1 2

t

y

T
he

agent’s
output

is
J
(θ)

and
dem

ixing
m

atrix
J

(θ)W
such

that

J
(θ)W

Y
≈

S
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F
U

T
U

R
E

W
O

R
K

•
U

se
the

estim
ation

ofentropy
as

a
feedback

param
eter

to
control

the
precision

ofrotations
∆

θ
.

•
U

se
com

m
unities

ofagents
each

m
inim

ising
individualcom

ponent

H
(y

i ).

•
Investigate

the
possibility

ofa
n

o
n

–lin
ear

IC
A

using
the

sam
e

agent–based
approach.

T
his

m
ay

be
done

by
assigning

different

(non–linear)
transform

ations
to

actions
ofagents.
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R
eferen

ces

B
elavkin,R

.V.
(in

press).
A

cting
irrationally

to
im

prove
perform

ance
in

stochastic
w

orlds.
(In

P
roceedings

pfthe
25th

S
G

A
I

InternationalC
onference

on
Innovative

T
echniques

and

A
pplications

ofA
rtificialIntelligence)

Learned-M
iller,E

.,&
F

isher,J.
(2003).

IC
A

using
spacings

estim
ates

ofentropy.
JournalofM

achine
Learning

R
esearch,4,

1271–1295.

V
asicek,O

.
(1976).

A
testfor

norm
ality

based
on

sam
ple

entropy.

Journalofthe
R

oyalS
tatisticalS

ociety,S
eries

B
,38

(1),54–59.


