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3.
R
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T
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1994.
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1.
the
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(in
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the

length
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data
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ith
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help
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theory.
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�
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,

�
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G
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propose
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the
related

facility
location

problem
.

�

place
facilities

(in
our

case:
the

selected
theory)

�

into
som

e
locations

(here:
the

regular
expressions

to
choose

from
)

�

so
that

the
costs

incurred
by

the
facilities

(here:
the

num
ber

of
bits

needed
to

encode
the

theory)
plus

the
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incurred
by

serving
a

given
set

of
custom

ers
(in

this
case:

#
of

bits
for

encoding
the

given
strings)
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m
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al.

P
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:
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location
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N

P
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H
A

R
D
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M

.F
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T
hm
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G
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k,
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question
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a

M
D

L-O
P

T
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A
L-C

O
D

IN
G

instance
I

incurs
a

cost
of

at
m

ost
k
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in
tim

e
f� k� p�� I��

for
som

e
function

f
and

a
polynom

ial
p.

O
ngoing

w
ork:

G
et

f
“as

sm
allas

possible.”

A
further

naturalparam
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#
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errors

In
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ple,� a� b�7�

and
b �

d
explain

allinstances
w
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ostone
editerror.


