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Abstract- “Survival of the fittest” is often seen as the
driving force behind adaptation and evolution.  For sure,
all evolutionary algorithms use fitness-based selection.
However, it is not necessary to know where you are, to
know where you are going.  Similarly, it is not necessary
to know the fitness of a solution, to find a better solution.
The GENIE algorithm uses random parent selection and
a non-elitist generational replacement scheme.  Experi-
ments on a non-trivial instance of the Traveling
Salesman Problem show that heuristic operators in
GENIE can converge to the optimal solution without
evaluating fitness.

1 Introduction

A genetic algorithm (GA) has three basic features: a popu-
lation of solutions, fitness-based selection, and crossover
[Hol75][Gol89].  In isolation, fitness-based selection over a
population of solutions increases the proportion of building
blocks (schemata) with above-average fitness.  Traditionally,
crossover is used to recombine these building blocks into
new solutions.  However, the expected average fitness of the
offspring is often the same as the parents.  For (random)
recombination, fitness-based selection is necessary to
advance the search.

The Commonality-Based Crossover Framework presents
a new model for the design of (heuristic) crossover operators
[CS98][CS99a].  Specifically, it defines crossover as a two-
step process: 1) preserve the maximal common schema of
two parents, and 2) complete the solution with a
construction heuristic.  In the first step, commonality-based
selection identifies the (above-average) schemata that will
be exploited.  In the second step, a construction heuristic
generates offspring that are expected to have a higher
average fitness than their parents.  For heuristic operators,
fitness-based selection is not necessary to advance the
search.

With fitness-based selection, it has been shown that
genetic algorithms can perform “black box” optimization--
(global) payoff information is sufficient.  With common-
ality-based selection, it will be shown that genetic algo-
rithms can also perform “open-loop” optimization--(global)

payoff information is not necessary.  For both cases, the
overall objective must be decomposable--good solutions
contain good schemata, and good schemata form good solu-
tions.

The GENIE algorithm was developed to isolate common-
ality-based selection (in heuristic operators) [CS99b].  In
this initial study, it was observed that the fittest solutions are
found in the generation after the amount of schemata
common to mating parents does not increase for the first
time.  If the above condition is used to stop GENIE, the best
(optimal) solution should be present in this final population.
Thus, the fitness of intermediate solutions does not need to
be evaluated.  This allows open-loop optimization (non-
fitness-based evolution) to be pursued.

The remainder of this paper is presented as follows.  In
section 2, GENIE, commonality-based selection, an ideal
construction heuristic for One Max, and two heuristic
operators for the Traveling Salesman Problem (TSP) are
reviewed.  In section 3, experiments on the ideal
construction heuristic for One Max are presented.  In section
4, experiments with Maximum Partial Order/Arbitrary
Insertion in GENIE are conducted, and experiments with
Edge Assembly Crossover are conducted in section 5.  A
discussion of ideas and results is presented in section 6, and
final conclusions are summarized in section 7.

2 Background

The GENIE algorithm uses random parent selection and a
non-elitist generational replacement scheme.  It was
developed to isolate the effects of commonality-based
selection.  In isolation, this form of selection should be
sufficient to allow “ideal” construction heuristics to
converge to optimal solutions [CS99b].  Although ideal
construction heuristics can be trivially developed for One
Max, only practical heuristics are available for the TSP.
Experiments with fitness-based selection have shown that
Maximum Partial Order/Arbitrary Insertion (MPO/AI)
[CS98] cannot find optimal solutions, but that Edge
Assembly Crossover (EAX) [NK97] can.  Before these
operators are implemented in GENIE, the operators and
commonality-based selection are reviewed.



2.1 Commonality-Based Selection

The commonality hypothesis suggests that schemata
common to above-average solutions are above average
[CS98].  These schemata are most likely responsible for the
(high) observed fitness of two (parent) solutions.  Thus,
these schemata should be preserved during crossover.  The
act of preserving these schemata is a form of selection.  To
isolate this commonality-based form of selection, it is
necessary to eliminate the fitness-based selection of parents
and offspring.  Therefore, GENIE uses random parent
selection and a non-elitist generational replacement scheme.
By extension, if fitness is not used, it does not need to be
evaluated.

In above-average (heuristically generated) solutions,
commonality-based selection can identify partial solutions
with higher proportions of fit schemata than the complete
(parent) solutions.  For example, assume that a construction
heuristic selects correct schemata (i.e. schemata that are part
of the optimal solution) with probability  and incorrect

schemata with probability .  If this heuristic is used to
generate an initial population, each (parent) solution is
expected to have a proportion  of correct schemata, and a

proportion  of incorrect schemata.  For random parent
selection, Table 1 shows the expected distribution of correct/
incorrect and common/uncommon schemata for mating
parents in the initial population.

Among the common schemata, the ratio of correct to

incorrect schemata is .  If the construction
heuristic selects more correct schemata than incorrect
schemata (i.e. ), then  and

.

For above-average solutions, common-schema partial
solutions should have a higher ratio of correct to incorrect
schemata than complete (parent) solutions of the initial
population.  The decision to exploit these schemata has been
achievedwithout fitness-based selection.  Specifically, these
schemata have been identified by commonality-based
selection.

To measure the effects of “heuristic amplification”,
represent the proportion of correct schemata in the initial
population as , and the proportion of incorrect

schemata as .  If the above construction

heuristic is embedded into a heuristic operator by following
the Commonality-Based Crossover Framework1, then the
correct schemata in generation  are the common correct

schemata preserved from generation  and the correct
schemata selected by the construction heuristic during
generation .  Assuming that the construction heuristic

generates a constant proportion  of correct schemata (i.e.
the construction heuristic isideal), the expected proportion
of correct schemata in generation  is

.

Simplifying,

Representing  as , ;

Therefore, if , then  and .  The

proportion of correct schemata increases with each gener-
ation when .  If correct schemata are also fit
schemata, the average fitness of the population should
increase with each generation.

In standard genetic algorithms, the offspring that result
from random recombination are not expected to have a
higher average fitness than their parents.  For example, in
One Max, two (complementary) offspring will have the
same total number of 1’s as their two parents.  However, the
original Schema Theorem [Hol75] shows that with fitness-
based selection, schemata with above-average fitness will
increase in proportion from generation to generation despite
not being explicitly identified.  Thus, genetic algorithms can
perform black box optimization.

Conversely, the above analysis shows that the offspring
of heuristic operators can have a higher average fitness than
their parents.  Through commonality-based selection, the
expected proportion of correct (fit) schemata in each

1After preserving the common schemata of two parents, the
construction heuristic completes an offspring solution from this
partial solution.
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Table 1: Expected distribution of schemata for random parent
pairs in the initial population.
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solution can increase from generation to generation even
though each solution is not explicitly evaluated.  Therefore,
genetic algorithms should also be able to perform open-loop
optimization.

In open-loop optimization, GENIE converges when
.  Therefore,  must satisfy:

The equality requires , , or .  For

an ideal construction heuristic with ,  converges

to  (all solutions in the population are optimal).
Commonality-based selection should be sufficient to find
optimal solutions for ideal construction heuristics that have
been embedded into commonality-based operators.

2.2 An Ideal Construction Heuristic

In One Max, the correct gene for each allele is a 1.
Therefore, a trivial heuristic for One Max is to select more
1’s than 0’s.  For example, select a 1 for each allele with a
(constant) probability of , and a 0 with a proba-

bility of .  This (construction) heuristic is
ideal because the decision at each step has a constant (and
independent) probability of being correct.

2.3 Heuristic Operators for the TSP

Maximum Partial Order/Arbitrary Insertion (MPO/AI)
[CS98] is a heuristic operator for the Traveling Salesman
Problem (TSP) designed by following the Commonality-
Based Crossover Framework.  Arbitrary Insertion is not an
ideal construction heuristic, but its effectiveness can be
increased by starting it from a partial solution (e.g. the
convex hull [Rei94]).  The Maximum Partial Order (MPO)
is the largest partial solution that insertion can extend into
both parents.  The MPO accumulates “shape” information
(see Figure 1), so it is more effective to (re)start Arbitrary
Insertion from the MPO than the convex hull.

Edge Assembly Crossover (EAX) [NK97] is the best
performing genetic operator for the TSP.  It is a heuristic
operator that first converts the fitter parent into an interme-
diate solution.  This intermediate solution always preserves
the edges that are common to both parents.  However, in
transforming the intermediate solution into a final offspring
solution, the common edges are not specifically (neces-
sarily) preserved.  During the search process though (from
generation to generation), the number of offspring edges
that are common edges of the parents increases monotoni-
cally [NK97].  Unfortunately, it is unclear if common edges
are  exploited  by  design,  of  if  this  phenomenon  occurs

Figure 1:  Example of “shape” from convex hull and MPO.

because good (locally optimal) solutions happen to have
many common edges [Müh91][Boe96].

3 One Max Experiments

The ideal construction heuristic with  has been
embedded into a commonality-based operator, and it has
been implemented in GENIE.  For a One Max problem with
100 bits, a population size of 100 is used.  When the
commonality-based stop condition is reached (i.e. when the
number of bits common to mating parents fails to increase),
a single (randomly chosen) member of the final population
is evaluated.

In 30 trials, the optimal solution is returned 25 times.
(See Table 2.)  As convergence requires an average of 30
generations, the results for GENIE are baselined against
3000 random solutions of the construction heuristic started
from scratch.  The optimal solution is never found by
random restart.

4 TSP Experiments with MPO/AI

Since MPO/AI cannot find optimal solutions for larger TSP
instances (e.g. lin318) [CS98], these experiments have been
conducted on the kroA100 TSP instance1.  Using a popu-
lation size of 100, GENIE is initialized with 100 solutions

1Taken from TSPLIB -- http://www.iwr.uni-heidelberg.de/iwr/
comopt/soft/TSPLIB95/TSPLIB.html
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Method Optimal Trials Average Best

GENIE 25/30 99.8

3000 Restarts 0/30 77.4

Table 2: Ideal construction heuristic in GENIE versus restarts.
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of Arbitrary Insertion started from the convex hull.  For
subsequent generations, MPO/AI is applied to random
parent pairs1.  The average length of the MPO in mating
pairs is recorded for each generation.  After the first gener-
ation in which the average MPO does not increase, GENIE
is stopped andall of the solutions in the final population are
evaluated.

In 30 trials, convergence requires an average of 8 genera-
tions, the average MPO at convergence is 90 cities, and the
optimal solution is found 18 times. (See Table 3.)  To
demonstrate that MPO/AI in GENIE does not find optimal
solutions based solely on random luck, 1000 random restart
(seed) solutions of Convex Hull/Arbitrary Insertion (CH/AI)
are also run.  In 30 trials, the optimal solution is never
found.

The schemata in the convex hull are correct--they are
part of the optimal solution [Rei94].  The additional cities in
the MPO must also be largely correct; otherwise, optimal
solutions could never be found.  Therefore, commonality-
based selection can indeed identify correct schemata.  And,
as the superior performance of MPO/AI over random
restarts shows, the effectiveness of Arbitrary Insertion is
amplified by commonality-based restarts.

5 TSP Experiments with EAX

EAX2 has also been implemented in GENIE and tested on
the kroA100 TSP instance.  Using a population size of 100,
GENIE is initialized with a random population (as in
[NK97]3).  Since EAX is an edge-based operator, edges
form the commonality-based stop condition.  After the first

1Each parent from the previous generation mates twice.
2The EAX version of [WRE98] is used in this paper.
3However, in retrospect, an initial population of random 2-opt

solutions (as suggested in [NK97]) may have been a better choice.

generation in which the average number of edges common
to mating parents does not increase, GENIE is stopped.

In 30 trials, the optimal solution was found 6 times. (See
Table 4.)  However, the variation among runs is very high.
In fact, it was necessary to run GENIE for a minimum of 15
generations just to ensure that all trials did not terminate
immediately.  Normally, EAX uses fitness to determine
which parent is used as the template for the intermediate
solution.  Since parent fitness is not evaluated, a random
parent is (implicitly) assigned to have a higher fitness.
Thus, half the applications of EAX are likely (negatively)
biased to preferring edges from the less fit parent.  It appears
that global fitness is used to corroborate the perceived
fitness of individual edges (schema).  This action is similar
to that used in reinforcement learning [Mit97] and Ant
Colony Optimization [DMC96].

6 Discussion

Genetic algorithms have been presented as a general
technique for function optimization [Hol75][Gol89].  They
require no problem specific (auxiliary) knowledge--only the
“payoff value” associated with each individual solution.
This allows the system being optimized (e.g. a complex
manufacturing facility [RHW96]) to remain unmodeled.  In
control theory, this is similar to black box control.  Specifi-
cally, it is possible to control an unmodeled system by
varying the input (candidate solution) in response to the
output (observed fitness).

Conversely, there is also open-loop control.  If a highly
accurate model of the system is available, it can be
controlled by varying the input alone.  Thus, the system’s
output does not need to be measured.  To return the control
metaphor back to optimization, it should be similarly
possible to perform open-loop optimization.  Essentially, if
enough problem specific knowledge is available, it should
be possible to find the optimal solution (ideal input) without
evaluating (observing) the fitness (output).

The GENIE algorithm does not use fitness for selection
of either parents or offspring [CS99b].  Thus, fitness does
not need to be evaluated.  Instead, GENIE uses common-
ality-based selection to amplify the effectiveness of a
construction heuristic.  With an ideal construction heuristic
(an accurate system model), GENIE (open-loop control)
should be able to find optimal solutions (achieve the desired
output).

The experiments with practical heuristic operators in
GENIE show that optimal solutions can be found for a non-
trivial TSP instance without evaluating fitness (during
search).  This demonstrates that (artificial) evolution can
occur in the absence of fitness pressure.  Arguably, heuristic
operators embody the “willful drive to perfection” that Jean
Baptiste de Lamarck envisioned in his theory of evolution.

Operator
Algorithm

Optimal
Trials

Average Best
(% surplus)

MPO/AI
GENIE

18/30 + 0.04 %

CH/AI
1000 restarts

0/30 + 0.44 %

Table 3: MPO/AI in GENIE on kroA100 versus 1000 random
CH/AI solutions.

Operator
Algorithm

Optimal
Trials

Average Best
(% surplus)

EAX
GENIE

6/30 + 45.07 %

Table 4: EAX in GENIE on kroA100.



Nonetheless, fitness (like feedback control) is still useful.
Unfortunately, it may not be available (cheaply) in all
domains.  For example, many optimization problems exist
where the number of solutions which can be evaluated is the
limiting factor.  GENIE may be valuable in these domains if
it can be used to help reduce/eliminate function evaluations.

7 Conclusions

The GENIE algorithm was developed to isolate the effects
of commonality-based selection.  A natural extension with
GENIE is to eliminate the evaluation of fitness altogether.
Experimental results demonstrate that evolution can occur in
the absence of (global) fitness information.  Essentially, in
addition to black box optimization, genetic algorithms can
also perform open-loop optimization.
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