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Abstract 

This paper develops an alternate perspective of nat- 
ural evolution using the SEARCH (Search Envi- 
sioned As Relation and Class Hierarchizing) frame- 
work introduced elsewhere (Kargupta, 1995). Some 
problems of the existing views about evolutionary 
computation are noted. An attempt is made to ful- 
fill these deficiencies using a new computational per- 
spective of gene expression based on a decomposi- 
tion of blackbox optimization in terms of relations, 
classes, samples and partial ordering. 

1 Introduction 
The SEARCH (Search Envisioned As Relation and Class 
Hierarchizing) framework introduced elsewhere (Kar- 
gupta, 1995) offered an alternate perspective of blackbox 
search (BBS) in terms of relations, classes and partial 
ordering. SEAECfi is primarily motivated by the ob- 
servation that searching for optimal solution in a BBS 
is essentially an inductive process and in absence of any 
relation among the members of the search space, induc- 
tion is no better than enumeration (Watanabe, 1969). 
SEARCH decomposed BBS into three spaces: (1) rela- 
tion, (2) class, and (3) sample spaces. SEARCH also 
identified the importance of searching for appropriate 
relations in BBS. 

In this paper, I use the SEARCH framework to pro- 
pose an alternate computational perspective of natural 
evolution. This perspective emphasizes the role of gene 
q r e s s i o n  (DNA-+RNA+Protein) in natural evolution 
and identifies gene regulatory mechanism, proteins] and 
DNA in terms of relation, class, and sample spaces re- 
spectively. 

Section 2 presents a brief review of the related back- 
ground. Section 3 discusses the information flows in nat- 
ural evolution and raises some questions about the ex- 
isting views toward evolutionary computation. Section 
4 offers a perspective of natural evolution in the light of 
SEARCH. Section 5 makes an effort to answer some of 
the questions raised earlier. Finally, Section 6 concludes 
this paper. 

'The author can be reached at, P.O. Box 1663, XCM, Mail 
Stop F645, Los Alamos National Laboratory, Los Alamos, 
NM 87545, USA. e-maik hillolQlanl.gov 

2 SEARCH: A Brief Review 
This section presents a brief review of the SEARCH 
framework. The main objective is to understand the dif- 
ferent decision makings in blackbox search and to iden- 
tify the class of BBS problems that can be efficiently 
solved. 

The foundation of SEARCH is laid on a decomposi- 
tion of the blackbox search problem into relation, class, 
and sample spaces. A relation can be formally defined 
as a set of ordered pairs. For example, in a set of cubes, 
some white and some black, the color of the cubes de- 
fines a relation that divides the set of cubes into two 
subsetsset  of white cubes and set of black cubes. Con- 
sider a 4-bit binary sequence. There are 24 such binary 
sequences. This set can be divided into two classes us- 
ing the equivalence relation' f###, where f denotes 
position of equivalence; the # character matches with 
any binary value. This equivalence relation divides up 
the complete set into two equivalence classes, 1### and 
O###. The class 1### contains all the sequences with 
1 in the leftmost position and O### contains those with 
a 0 in that position. The total number of classes defined 
by a relation is called its index. The order of a relation 
is the logarithm of its index with some chosen base. In 
a BBS problem, relations among the search space mem- 
bers are often introduced through different means, such 
as representation, operators, heuristics, and others. The 
above example of relations in binary sequence can be 
viewed as an example of relation in the sequence rep- 
resentation. In a sequence space of length e, there are 
2' different equivalence relations. The search operators 
also define a set of relations by introducing a notion of 
neighborhood. For a given member in the search space, 
the search operator define a set of members that can 
be reached by one or several application of the oper- 
ators. This introduces relations among the members. 
Heuristics identifies a subset of the search space as more 
promising than others often based on some domain spe- 
cific knowledge. Clearly this can be a source of rela- 
tions. Relations can sometimes be introduced in a more 
direct manner. For example, Perttunen and Stuckman 
(1990) proposed a Bayesian optimization algorithm that 
divides the search space into Delaunay triangles. This 

'An equivalence relation is a relation that is reflexive, 
symmetric, and transitive. 

http://hillolQlanl.gov




i r  

I f  

Figure 1: Decomposition of blackbox optimization in 
SEARCH. 

classification directly imposes a certain relation among 
the members of the search space. Similar arguments 
popular BBS algorithms can be found elsewhere (Kar- 
gupta, 1995). As we see, relations are introduced by ev- 
ery search algorithm, either implicitly or explicitly. The 
role of relations in BBS is very fundamental and impor- 
tant. 

Relations divide the search space into different classes 
and the objective of sampling based BBS is to detect 
those classes that are most likely to contain the optimal 
solutions. To do so requires constructing a partial order- 
ing among the classes defined by a relation. The classes 
are evaluated using samples from the search domain and 
a class cornparason statcstzc is used for comparing differ- 
ent classes. For a given class cornpanson statistic <T 
and some number M ,  a relation is said to properly delin- 
eate the search space if the class containing the optimal 
solution is within the top M classes, when the set of 
all classes defined by the relation are ordered using 57. 
This basically means that if a relation satisfies the de- 
lineation constraint then, given sufficient samples, the 
relation will pick up the class containing the optimal so- 
lution within the top M ranked classes. If a relation does 
not satisfy this, then the relation leads to wrong decision 
and as a result success in finding the optimal solution is 
very unlikely. 

A particular relation may not satisfy the delineation 
constraint for different problems, different class compar- 
ison statistics, and different values of M .  One relation 
may work for a particular case and may fail to do so 
for a different setting. Therefore, any algorithm that 
aspires to be applicable for a reasonably general class 
of problems, must search for appropriate relations. De- 
termining whether or not a relation satisfies this delin- 
eation constraint requires decision making in absence of 
complete knowledge. For a given relation space Q,, a 
BBS algorithm must identify the relations that properly 
delineate the search space with certain degree of reliabil- 
ity and accuracy. This requires comparing one relation 
with another using a relation comparison statistic and 
constructing a partial ordering among them. 

A BBS algorithm in SEARCH cannot be efficient if it 
needs to consider relations that divide the search space 
in classes, with the total number of classes growing ex- 
ponentially with the problem dimension. For example, 
in an -!?-bit sequence representation, if there is a class of 
problem which requires considering the equivalence rela- 
tions with (e- 1) fixed bits then there is a major problem. 

This relation divides the search space into 2 l - I  classes 
and we cannot solve this problem in complexity poly- 
nomial in e. However, in BBS the ultimate objective is 
to identify the optimal solution which basically defines a 
singleton class. The smaller the cardinality of the indi- 
vidual classes, the larger the index of the corresponding 
relation. So we need the higher order relations for finally 
identifying the optimal solution, but we cannot directly 
evaluate them since their index is large. The solution 
is to limit our capability and realize that we can only 
solve those problems which can be addressed using low 
order relations and when high order relations are decom- 
posable to those low order relations. This means that 
the information about low order relations can be used 
to evaluate the higher order relations. Consider the fol- 
lowing example. Let rg be a relation that is logically 
equivalent to rl A r2, where rl and r2 are two different 
relations; the sign A denotes logical AND operation. If 
either of r1 or r2 was earlier found to properly delineate 
the search space, then the information about the classes 
that are found to be bad earlier can be used to elimi- 
nate some classes in r g  from further consideration. This 
process in SEARCH is called resolution. Resolution ba- 
sically evaluates the relations of higher order using the 
information gathered by direct evaluation of bounded 
order relations. 

The above description gives a brief informal overview 
of the SEARCH framework. As we saw, SEARCH ad- 
dresses BBS on three distinct grounds: (1) relation 
space, (2) class space, and (3) sample space. Figure 
1 shows this fundamental decomposition in SEARCH. 
The major components of SEARCH can be summarized 
as follows: 

1. classification of the search space using a relation 

2. sampling 

3. evaluation, ordering, and selection of better classes 

4. evaluation, ordering, and selection of better relations 

5.  resolution 

A detailed description of each of these processes can be 
found elsewhere (Kargupta, 1995). Apart from taking 
decomposing BBS into different components, SEARCH 
also some additional steps. SEARCH proposed a prob- 
abilistic, ordinal, and approximate framework for quan- 
tifying these processes. This analysis lead to the deriva- 
tion of a quantitative bound on the sample complexity 
in BBS (Kargupta, 1995) as given below: 

where, S, is the set of relations needed for solving the 
problem; Nm,, = max{NilVri E Sr}; d' is an ordinal 
measure of the desired quality of the solution, q is the 
overall desired success probability, and qr is the desired 
success probability in the relation space. Mmin is a con- 
stant that depends on the memory used by the algo- 
rithm. This bound can be used to identify the class 





of problems that a BBS algorithm can solve in sample 
complexity polynomial along problem dimension, desired 
accuracy and reliability of obtaining the solution. The 
class of problems that can be solved using a polynomialy 
bounded number of relations can be esciently solved in 
SEARCH. This class of problems is called the order-k d e  
lineable problems of an algorithm. Unless the algorithm 
constructs new relation space, the class of order-k delin- 
eable problems is fixed for an algorithm with fixed dass 
comparison statistics and memory size. In the following 
sections, we turn toward biology and present a compu- 
tational perspective of natural evolution in the light of 
what we noted in this section. 

3 Natural Evolution: Few Questions 
Natural evolution has evolved fitter organisms during the 
course of time; some species became extinct and some 
flourished. The development of functionally complex but 
efficient organisms like human beings has taken place 
in about 2 billion years. Human genome is comprised 
of around 2.9 x lo8 base pairs, which essentially means 
that search space is extremely large and it is very un- 
likely that at the beginning of evolution there existed 
any prior domain knowledge about this search space. 
We evolved in a relatively shorter period of time and 
that really makes the evolutionary search very impres- 
sive. Clearly, the performance is better than random 
enumerative search. Is there something interesting go- 
ing on in evolutionary search? In this section, we shall 
study this using the SEARCH framework. 

Section 3.1 briefly discusses the flow of informa- 
tion in natural evolution. Section 3.2 points out the 
main problem of the existing models of evolutionary 
computation-lack of emphasis on gene expression. Sec- 
tion 3.3 raises some additional questions about the nat- 
ural evolutionary search. 

3.1 Information flow in evolution 
Information flow in evolution is primarily divided into 
two kinds: 
e extra-cellular flow: storage, exploration, and trans- 

mission of genetic information from generation to gen- 
eration; 

e intra-cellular flow: expression of genetic informa- 

The extra-cellular flow involves replication, mutation, 
recombination, and transmission of DNA (deoxyribonu- 
cleic acid) from parents to offspring. On the other hand 
the intra-cellular flow of information involves transcrip 
tion and translation of genetic information leading to 
the computation of the phenotype of the organism. The 
following paragraph briefly describes the main steps of 
gene expression, that constitute the intra-cellular flow of 
evolutionary information. 

Expression of genetic information coded in DNA into 
the proteins is called the gene expression. Main steps of 
this process are, 
e transcription: formation of mRNA (ribonucleic acid) 

from DNA 

tion within the body of an organism. 

Figure 2: Intra-cellular flow of genetic information. 

0 translation: formation of protein from mRNA 

Figure 2 shows the different steps of gene expression. 
Each of them is briefly described in the following. 

Transcription synthesizes messenger RNA (mRNA) 
from part of the DNA. RNA (ribonucleic acid) con- 
sists of four types of bases joined to a ribose-sugar- 
phosphodiester backbone. The four bases are adenine 
(A), umcil (U), guanine (G) ,  and cytosine (C). Tran- 
scription is basically constructing a sequence of bases 
from another sequence of bases-the DNA. 'Tkanscrip 
tion is initiated by some particular sequences of bases 
in DNA. They are known as promoter regions. For ex- 
ample, in many prokaryotes, the Pribnow box sequence 
TATAAT is a common promoter region. Transcription 
continues until it reaches some particular kind of se- 
quences of bases, known as a terminator region. RNA 
polymerase transcribes the portion of DNA between the 
promoter and terminator regions. Regulatory proteins 
of a cell can directly control the transcription of DNA 
sequences. There are two kinds of regulatory proteins: 

gene activator protein, which enhances transcription 

gene repressor protein, which inhibits transcription of 

of a gene, wherever it binds. 

a gene. 

These proteins usually bind to specific sequences of DNA 
and determine whether or not the corresponding gene 
will be transcribed. 

Messenger RNA acts as the template for protein syn- 
thesis. Proteins are sequence of amino acids, joined by 
peptide bonds. Messenger RNA is transported to the 
cell cytoplasm for producing protein in the ribosome. 
There exists a unique set of rules that define the corre- 
spondence between nucleotide triplets (known as codons) 
and the amino acids in proteins. This is known as the 
genetic code. Each codon, comprised of three adjacent 
nucleotides in a DNA chain, produces a unique amino 
acid. 

Most of the existing models of evolutionary computa- 
tion do not provide any understanding about the com- 
putational role of the intra-ceIIular flow of genetic infor- 
mation. The following section gives an account of that. 

3.2 A major problem of existing models of 
evolutionary computation 

Unfortunately, many of the existing computational mod- 
els of evolution address only the extracellular ff ow of ge- 
netic information. Simple genetic algorithms (De Jong, 
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1975; Goldberg, 1989b; Holland, 1975), evolutionary 
strategie (Rechenberg, 1973), and evolutionary dgc+ 
rithms (Fogel, Owens, & Walsh, 1966) are some exam- 
ples. These existing perspectives of evolutionary com- 
putation do not assign any computational role to the 
nonlinear mechanism for transforming the information in 
DNA into proteins. The same DNA is used for different 
kinds of proteins in different cells of living beings. The 
development of different expression control mechanisms 
and their evolutionary objectives are hardly addressed 
in these models. They primarily emphasize the extra- 
cellular flow. The main difference among these models 
seems to be the emphasis on crossover compared to mu- 
tation or vice versa. 

Although gene expression is not emphasized very much 
in most of the popular models of evolutionary computa- 
tion, several researchers realized its importance. The 
importance of the computational role of gene expression 
was realized by Holland. He described (Holland, 1975) 
the dominance operator as a possible way to model the 
effect of gene expression in diploid chromosomes. He also 
noted the importance of the process of protein synthe- 
sis from DNA in the computational model of evolution. 
Despite the fact that traditionally dominance maps are 
explained from the Mendelian perspective, Holland made 
an interesting leap by connecting it to the synthesis of 
protein by gene signals, which today is universally rec- 
ognized as gene expression. He realized the relation be- 
tween the dominance operator with the “operon” model 
of the functioning of the chromosome (Jacob & Monod, 
1961) in evolution and pointed out the possible com- 
putational role of gene signaling in evolution (Holland, 
1975). 

Several other efforts have been made to model some as- 
pects of gene expression. Diploidy and dominance have 
also been used elsewhere (Bagley, 1967; Brindle, 1981; 
Hollstien, 1971; Rosenberg, 1967; Smith, 1988). Most of 
them took their inspiration from the Mendelian view of 
genetics. The under-specification and over-specification 
decoding operator of messy GA has been viewed as a 
mechanism similar to gene signaling in Goldberg, Korb, 
and Deb (1989). Dasgupta and McGregor (1992) pro- 
posed the so-called structured genetic algorithm, which 
uses a structured hierarchicai representation in which 
genes are collectively switched on and off. This im- 
plementation also gathered its primary motivation from 
gene expression. An interesting effort was made by Ack- 
ley (1987). He proposed a connectionist paradigm for 
itemttve genetic hillclirnbtng (SIGH) and introduced a 
relation space through weights. Although, SIGH was 
not really motivated by gene expression, rather by con- 
nectionist computation, the computational objectives of 
SIGH shared similar philosophy. 

Kauffman (1993) offered an interesting perspective of 
the natural evolution that realizes the importance for 
gene expression. However, Kauffman’s work does not 
explain the process in basic computational terms on an- 
alytical grounds and does not relate the issue to the com- 
plexity of search process. 

As we see, the computational role of gene expression 

has mostly been unrecognized. Even when duly recog- 
nized, little argument has been made to explain its role 
in making search efficient. Let us consider some addi- 
tional questions. 

3.3 Evolution of life: Some questions 
The problems of our existing computational understand- 
ing of evolutionary search will become more clear when 
we ask some hard questions and demand answers in rig- 
orous computational terms. The objective of this section 
is to do so and demonstrate the need for the alternate 
perspective of evolution that SEARCH offers. 

/ 

The problem of “adequate time” 
The evolution of living organisms, comprised of a large 
number of mutually interacting components with amaz- 
ing degree of coordination is undoubtedly impressive. 
This naturally lead us to think about the time that-might 
have been needed to evolve such organisms from prim- 
itive ingredients. Some biologists think that there was 
enough time for evolution to succeed (Kauffman, 1993) 
and some of them (Shapiro, 1986; Hoyle & Wickramas- 
inghe, 1981) do not. This is the classical question of 
“adequate time” in evolution. 

Holland (1976) came to an interesting conclusion. Us- 
ing the so called a-universe model, he argued that emer- 
gence of life on earth in such a short time is only p o s  
sible if evolutionary search could detect the appropriate 
equivalence classes or schemata. This was an impor- 
tant argument; unfortunately, this line of argument was 
largely neglected by the biologists and the debate con- 
tinued primarily because of the lack of analytical result 
supporting Holland’s argument. 

Those who believe in inadequate time theory, depend 
on the observation that the search space is too large to 
deal with by random enumeration. Two billion years 
may be a “long time” compared to our lifetime, it may 
not be quite so compared to the size of the evolution- 
ary search space. Wald (1954) conjectured that 2 billion 
years of time is sufficient and sampling different organ- 
isms during the course of this “long” time made evolution 
successful. He even concluded “Time is in fact the hero 
of the plot”. Shapiro (1986) criticized Wald’s perspec- 
tive and presented convincing argument demonstrating 
that there was not sufficient time for evolution to suc- 
ceed. Shapiro estimated the total number of samples 
that evolution could have taken during the last two bil- 
lion years. He then computed a conservative bound on 
the joint probability of finding the set of functional en- 
zymes of a primitive bacterium from this set of samples 
and showed that success probability is extremely low. 
The joint success probability is so low that it has been 
compared elsewhere Hoyle and Wickramasinghe (1981) 
with the chance of “a tornado sweeping through a junk 
yard might assemble a Boeing 747 from the materials 
therein”. The foundation of this line of argument is 
based on the assumption that evolution searches by ran- 
dom enumeration. Once we accept this premise their 
argument makes sense. 

Goldberg (1989a) indirectly addressed this question 
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on computational grounds following Holland’s idea of 
schema processing. Although his arguments were pri- 
marily directed toward computational limitations of e v e  
lutionary algorithms such as GAS, their implications 
on biological context were equally important. He in- 
troduced (Goldberg, 1987) order-k deceptive functions 
which essentially admitted that a blackbox search algo- 
rithm can only efficiently solve problems with certain 
degree of decomposability. 

Kauffman (1993) offered a different way of answering 
this question. He argued against the idea of comput- 
ing joint success probability for all the different enzymes 
of living beings. He writes “We should instead be con- 
cerned with the probability of finding any one of possi- 
bly very many properly coupled sets of enzymatic activi- 
ties which might constitute a living proto-organism” . He 
proposes that the development of the individual compo- 
nents in the RNA and protein spaces lead to the emer- 
gence of the whole in a time shorter than that corre- 
sponding to the joint probability computed by Shapiro 
(1986). This is an interesting break. Although Kauffman 
presents his arguments in terms of phase transitions, au- 
tocatalysis, and percolation principles, in my opinion his 
arguments against computing the joint probability make 
sense only when the protein space is decomposable. Al- 
though the search problem in DNA space may not be de- 
composable, the DNA+RNA+Protein transformation 
may convert the problem into a decomposable one. 

As we see, the arguments in favor of adequate time 
are three folds: (1) Holland’s idea of equivalence class 
processing (2) Goldberg’s argument about problem de- 
composability, and (3) Kauffman’s emphasize on gene 
expression. However, none of them alone describes the 
complete picture about the computational processes in 
natural evolution. In the coming sections we shall put 
them together in the light of SEARCH to offer a more 
complete picture of the efficiency in evolutionary search. 
Before that, let us consider another important factor in 
evolution-the natural selection and see whether or not 
the existing models of evolutionary computation does 
capture the complete picture. 

Natural selection: Some questions 
. The role of natural selection in evolution is almost uni- 
versally acknowledged. Natural selection has been iden- 
tified as one of the main factor defining the evolution 
and self-organization in many complex systems. 

An immediate question that may come to our mind 
is-What does natural selection select? Clearly living 
organisms have DNA space and the protein space. The 
DNA sequence defines the set of proteins in an organism. 
The proteins are in turn responsible for the phenotypic 
features of the organism. The performance of an or- 
ganism in its environment may act as an index of the 
selective pressure. However, the question is how does 
the selective pressure effect the organism? As we know, 
both DNA space and the gene regulatory mechanisms 
evolved during the course of evolution (Stryer, 1988). In 
order to take place that, there must be some distribution 
of selective pressure in each of these spaces. 

Unfortunately, existing evolutionary algorithms do not 
consider the apportionment of selective pressure in these 
two different spaces. As we saw earlier, evolutionary 
search algorithms remains contend with selection in the 
sample space, corresponding to the effect of natural se- 
lection in the DNA space. Clearly, the lack of considera- 
tion of the selective pressure in gene expression is a miss- 
ing feature from the modeling perspective. The question 
is whether it ai€ects even the computational modeling of 
evolutionary search? The answer is yes. However, let us 
again resist ourselves from explaining the answer until we 
discuss another puzzle of natural evolution that appears 
from the role of genetic recombination and crossing-over. 

Recombination of what? 
Recombination among homologous pair of chromosomes 
results in exchanging set of genes among the parent chro- 
mosomes and produces offspring with new chromosomes. 
A good deal of controversy exists about the utility of re- 
combination. In fact, the field of evolutionary computa- 
tion appears to be divided into two camps one supporting 
the utility of recombination and other dismissing that. 
The basic question that we need to ask first is that re- 
combine what? If we consider the parent chromosome 
together as a tuple, then recombination is nothing but 
a permutation operator among the 2P genes. There are 
(21)! ways to permute that tuple of 21 genes. Therefore, 
searching using recombination is no more efficient than 
mutative search. 

However, recombination is good if we know what to 
exchange. If we know what relations are good then we 
only need to exchange the classes that belong to those 
relations. In an order4 delineable representation recom- 
bination can be used to combine the classes to produce 
classes of higher order relations. 

In natural evolution, recombination process is con- 
trolled by different proteins. For example in E. coli, 
recombination is mediated by products of rec genes 
(Stryer, 1988). After the single-stranded DNA is created 
by recBCD protein, the fecA protein directly controls the 
process of binding the duplex DNA, base pairing, and the 
exchange of strands. Clearly the working of recombina- 
tion depends on these proteins and recombination will 
reduce to be a random permutation operator in absence 
of these proteins. Therefore, the evolution of right pro- 
teins appears to be important for the efficient working 
of recombination. 

Unfortunately, most of the existing evolutionary al- 
gorithms do not recognize this. One and multi-point 
crossover (De Jong, 1975; Holland, 1975), uniform 
crossover (Syswerda, 1989) are some examples of artifi- 
cial crossovers widely used in genetic algorithms. In one 
and multi-point crossovers the point of crossing-overs are 
randomly chosen. In uniform crossover individual gene 
swapping is decided randomly. Clearly none of them 
has any controlling feature. An interesting efforts was 
made elsewhere (Schaffer & Morishima, 1987). They 
suggested the use of adaptive Crossover that gradually 
biases toward better classes. Maini, Mehrotra, Mohan, 
and Ranka (1994) proposed using domain knowledge- 





based nonuniform crossover. Another effort on adap 
tive crossovers can be found elsewhere (Jog, Suh, & 
Van Gucht, 1989). The following section draws a corre- 
spondence between SEARCH and evolution and presents 
an alternate perspective. 

4 SEARCH And Natural Evolution 
Previous sections have clearly explained the need for un- 
derstanding the processing of relations in natural evolu- 
tion. In this section we take one step ahead by draw- 
ing a one to one correspondence between the evolution- 
ary search mechanisms and decomposition of BBO in 
SEARCH. 

Sample space: DNA constitute the sample space. 
Crossover and mutation generate new samples of 
DNA. A population of organisms defines the sample 
space for the evolutionary search. 

Class space: Base sequences of mRNA transcribed in 
a cell correspond to only a part of the complete DNA. 
The sequence of amino acids in protein in turn corre- 
spond to base sequence in mRNA. The genetic code 
tells us that there is a unique relationship between the 
nucleotide triplets of the DNA and the amino acids in 
the protein. Therefore, if we consider the DNA as 
a representation defined over the evolutionary search 
space for life and different forms of life, then the amino 
acid sequence of a protein corresponds to a class of 
different DNA; every DNA in this class must have a 
certain sequence of nucleotides that can be transcribed 
to that particular sequence of amino acids. Since the 
genetic code is unique, a particular sequence of amino 
acids can only be produced by a certain sequence of 
nucleotides. In other words, the sequence of amino 
acids in a protein defines an equivalence class over the 
DNA space. 

Relation space: Recall that amino acid sequences in 
protein are translated from the nucleotide sequences of 
mRNA. The construction of mRNA is basically con- 
trolled by the transcription process. Since an equiva- 
lence relation is an entity that defines the equivalence 
classes, the transcription regulatory mechanism can 
be viewed as the relation space that defines classes 
in terms of the nucleotide sequences in mRNA and 
finally in terms of the amino acid sequences in pro- 
teins. Among the different components of this regu- 
latory mechanism, regulatory proteins, promoter and 
terminator regions play a major role. Regulatory pro- 
teins exist as a separate entity from the DNA, but the 
promoter and terminator regions are defined on the 
DNA. It appears that there is a distinct relation space 
comprised of the different regulatory agents, such as 
activator and inhibitor proteins. However, it is quite 
interesting to note that this space also directly makes 
use of information from the sample space-the DNA. 
Expression of genetic information in eukaryotic organ- 
isms is more interesting than that in prokaryotes. 

These possible relationships between the different 
spaces of -SEARCH and natiral evolution are summa- 

Table 1: Counterparts of different components of 
SEARCH in natural evolution. 

SEARCH Natural evolution 
Relation space gene regulatory mechanism 

SamDle sDace DNA mace 
Class space amino acid sequence in protein 

rized in Table 1. Now that, we have drawn a corre- 
spondence between the different components of natural 
evolution and the SEARCH framework, we are ready for 
answering the questions raised earlier in section 3.3. 

5 

In this section we shall revisit the questions raised in 
section 3.3 in the light of SEARCH and present some 
possible explanations. 

The issue of adequate time 
As we saw earlier, the arguments favoring the adequate 
time theory are three folds: (1) Holland’s idea of equiv- 
alence class processing (2) Goldberg’s argument about 
problem decomposability, and (3) Kauffman’s argument 
favoring the importance on evolution in the protein 
space. Now if we look at the adequate time problem 
and these arguments in the light of SEARCH we can 
come to an interesting conclusion-all of them are cor- 
rect when we put them together. When we do so, the 
hypothesis appears as follows: evolution can be success- 
ful in such a short period of time zf and only i f  it searches 
for appropriate equivalence classes defined by the repre- 
sentation and the search problem was either originally 
decomposable or transformed to  a decomposable one in 
the protein space. The following part of this section cor- 
roborates this hypothesis on the analytical grounds of- 
fered by SEARCH. 

First of all, SEARCH proved that polynomial com- 
plexity blackbox search is not possible unless some re- 
lations among the members of the search space is ex- 
ploited. Relations define classes and exploiting rela- 
tions requires processing classes. Therefore, evolutionary 
search cannot be of polynomial complexity ( i.e. effi- 
cient) unless it processes classes defined over the genetic 
representation. The second point is about decompos- 
ability. Was the evolutionary search problem decom- 
posable in the initial genetic representation. No one 
knows, but it is unlikely. The genetic representation 
and the expression of genetic information (a represen- 
tational transformation) evolved during the course of 
evolution. If the evolutionary search landscape were re- 
ally decomposable and solvable in an efficient manner 
even at the early stage, such evolution and transforma- 
tion of representation was not required. It seems that 
nature had to search for an appropriate transformation 
which expressed the genetic expression in such a way 
that the search problem becomes decomposable at a cer- 
tain level. The need for problem decomposability and 
the possible mechanism of gene expression for accom- 
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plishing such decomposability can again be corroborated 
using SEARCH. The SEARCH framework proved that a 
blackbox search algorithm can only solve problems that 
need considerations of relations up to a bounded order- 
the class of order-k delineable problems. In other words 
there must be some degree of decomposability in the re- 
lation space. If the given relation space is not order-em k 
delineable, the relation space, must be transformed to in- 
troduce delineability. Evolutionary search in nature uses 
a sequence representation. DNA sequence defines the 
primary representation. Expression of this information 
using the DNA+RNA+Protein defines a new relation 
space. Searching for appropriate regulatory mechahism 
can be viewed as the search for the right relation space 
that makes the problem order-k delineable. Clearly all 
the three components of hypothesis supporting adequate 
time theory can be put in proper perspective in the light 
of the analytical foundation offered by SEARCH. 

The following section revisits the issue regarding the 
computational need for accounting the effect of natural 
selection in the DNA, protein, and the regulatory mech- 
anism spaces. 

Apportionment of selection pressure 
Section 4 identified the DNA space as the sample space, 
the protein space as the explicit class space and the gene 
regulatory control mechanisms as the relation space. 
SEARCH clearly points out that no algorithm can sur- 
pass the limits of random enumerative search if it guides 
itself by applying selection in the sample space. There- 
fore, evolutionary search in nature cannot surpass this 
computational limit by simply applying the selective 
pressure in the DNA space. Effect of natural selection 
must also be distributed in the relation and class spaces 
of evolutionary search. In other words the effect of nat- 
ural selection must show up in the evaluation of parts of 
DNA sequences into proteins in different cells of an or- 
ganisms and also the gene regulatory mechanism space. 

The following section revisits the computational as- 
pects of genetic recombination in the light of SEARCH. 

Recombination of classes 
From the SEARCH perspective, recombination serves 
the purpose of resolution. Once the right relations are 
detected the corresponding better classes can be resolved 
using a recombination like operator. Therefore, the pur- 
pose of recombination in natural evolution is not at all 
clear unless we introduce the relations as possible con- 
trolling agents. The following section describes an inter- 
esting possibility-construction of new representation in 
natural evolution. 

5.1 Representation construction 

Evolution of gene regulatory mechanism means construc- 
tion of new representation. Eukaryotic organisms have 
a richer way to construct new representation. Most of 
the eukaryotic organisms are diploid. At a particular 
gene one allele is recessive and the other is dominant. 
The expression of a dominant gene takes place during 
transcription and translation. When a diploid chromo- 

some is viewed as a sequence of dominant and recessive 
tuples, the set of dominant alleles can be interpreted 
as a new representation for the set of recessive alleles. 
The gene regulatory control mechanism determines what 
gets expressed in a particular cell. The evolution of this 
regulatory control mechanism is computationally equiv- 
alent to construction of new relation space. There is 
existing biological evidence that these settings for the 
intra-cellular expression of genetic information evolved 
during the course of evolution (Stryer, 1988). As noted 
in SEARCH, such transformation is needed when the 
original relation space is not order-k delineable. There- 
fore, one of the reason that eukaryotic organisms became 
more successful in the evolutionary race could be the 
ability to construct new representation. On the other 
hand prokaryotes are primarily haploid (i.e. one chro- 
mosome only) and are deprived of this capability. The 
following section argues that if the computational per- 
spective offered by SEARCH is correct then the emer- 
gence of life seems inevitable. 

5.2 Inevitability of life 
Emergence of life on earth seems inevitable when we view 
evolution in the light of SEARCH. If the evolutionary 
search space is order-k delineable then finding the right 
sequence requires considering all the classes in the pro- 
tein space defined by order-k relations. The transforma- 
tion of DNA into protein space can be represented as, 

where A denotes the alphabet set of DNA space with t? 
loci and Q is the alphabet of Proteins with e' loci. Us- 
ing this notation the total number of relations defined 
by the protein sequences is 2c'. If the search space is 
order-k delineable, then the appropriate relations must 

be detected from the ci"=, (F) relations of order less 
than or equal to k. Evaluating each of these relations 
requires observing the properties of the classes the rela- 
tion defines. An order-k relation in protein space defines 
Rk classes. Therefore, at least one instance of a class 
is expected in a sample size of ak. In reality proteins 
are built of twenty amino acids, i.e. Q = 20. Clearly 
for small values of k, 20k is not a big number compared 
to the evolutionary search space, defined by DNA se- 
quences. The expression control mechanism may need 
to evolve if the space is not order-k delineable. A con- 
stant number of such transformations still keep the sam- 
ple complexity polynomialy bounded. Therefore, if this 
perspective is correct life appears inevitable. The follow- 
ing section concludes this paper. 

6 Conclusion 
This paper makes an effort to interpret the lessons of the 
SEARCH framework in the context of natural evolution. 
The fundamental decomposition of blackbox search pro- 
cess in terms of searching in relations, class and sam- 
ple spacea are mapped onto different computational pro- 
cesses on natural evolution. This paper also hypothesizes 
a computational role of the intra-cellular processing of 
information, gene expression. 

X : A' + $2" 
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Abstract 

This paper develops an alternate perspective of nat- 
ural evolution using the SEARCH (Search Envi- 
sioned As Relation and Class Hierarchizing) frame- 
work introduced elsewhere (Kargupta, 1995). Some 
problems of the existing views about evolutionary 
computation are noted. An attempt is made to ful- 
fill these deficiencies using a new computational per- 
spective of gene expression based on a decomposi- 
tion of blackbox optimization in terms of relations, 
classes, samples and partial ordering. 

1 Introduction 
The SEARCH (Search Envisioned As Relation and Class 
Hierarchizing) framework introduced elsewhere (Kar- 
gupta, 1995) offered an alternate perspective of blackbox 
search (BBS) in terms of relations, classes and partial 
ordering. SEARCH is primarily motivated by the ob- 
servation that searching for optimal solution in a BBS 
is essentially an inductive process and in absence of any 
relation among the members of the search space, induc- 
tion is no better than enumeration (Watanabe, 1969). 
SEARCH decomposed BBS into three spaces: (1) rela- 
tion, (2) class, and (3) sample spaces. SEARCH also 
identified the importance of searching for appropriate 
relations in BBS. 

In this paper, I use the SEARCH framework to pro- 
pose an alternate computational perspective of natural 
evolution. This perspective emphasizes the role of gene 
ezpression (DNA+RNA+Protein) in natural evolution 
and identifies gene regulatory mechanism, proteins, and 
DNA in terms of relation, class, and sample spaces re- 
spectively. 

Section 2 presents a brief review of the related back- 
ground. Section 3 discusses the information flows in nat- 
ural evolution and raises some questions about the ex- 
isting views toward evolutionary computation. Section 
4 offers a perspective of natural evolution in the light of 
SEARCH. Section 5 makes an effort to answer some of 
the questions raised earlier. Finally, Section 6 concludes 
this paper. 

'The author can be reached at, P.O. Box 1663, XCM, Mail 
Stop F645, Los Alamos National Laboratory, Los Alamos, 
NM 87545, USA. e-mail: hillolQlanl.gov 

2 SEARCH: A Brief Review 
This section presents a brief review of the SEARCH 
framework. The main objective is to understand the dif- 
ferent decision makings in blackbox search and to iden- 
tify the class of BBS problems that can be efficiently 
solved. 

The foundation of SEARCH is laid on a decomposi- 
tion of the blackbox search problem into relation, class, 
and sample spaces. A relation can be formally defined 
as a set of ordered pairs. For example, in a set of cubes, 
some white and some black, the color of the cubes de- 
fines a relation that divides the set of cubes into two 
subsets-et of white cubes and set of black cubes. Con- 
sider a 4-bit binary sequence. There are 24 such binary 
sequences. This set can be divided into two classes us- 
ing the equivalence relation1 I###, where f denotes 
position of equivalence; the # character matches with 
any binary value. This equivalence relation divides up 
the complete set into two equivalence classes, 1### and 
O###. The class 1### contains all the sequences with 
1 in the leftmost position and O### contains those with 
a 0 in that position. The total number of classes defined 
by a relation is called its index. The order of a relation 
is the logarithm of its index with some chosen base. In 
a BBS problem, relations among the search space mem- 
bers are often introduced through different means, such 
as representation, operators, heuristics, and others. The 
above example of relations in binary sequence can be 
viewed as an example of relation in the sequence r e p  
resentation. In a sequence space of length L, there are 
2t different equivalence relations. The search operators 
also define a set of relations by introducing a notion of 
neighborhood. For a given member in the search space, 
the search operator define a set of members that can 
be reached by one or several application of the oper- 
ators. This introduces relations among the members. 
Heuristics identifies a subset of the search space as more 
promising than others often based on some domain spe- 
cific knowledge. Clearly this can be a source of rela- 
tions. Relations can sometimes be introduced in a more 
direct manner. For example, Perttunen and Stuckman 
(1990) proposed a Bayesian optimization algorithm that 
divides the search space into Delaunay triangles. This 

'An equivalence relation is a relation that is reflexive, 
symmetric, and transitive. 
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Figure 1: Decomposition of blackbox optimization in 
SEARCH. 

classification directly imposes a certain relation among 
the members of the search space. Similar arguments 
popular BBS algorithms can be found elsewhere (Kar- 
gupta, 1995). As we see, relations are introduced by ev- 
ery search algorithm, either implicitly or explicitly. The 
role of relations in BBS is very fundamental and impor- 
tant. 

Relations divide the search space into different classes 
and the objective of sampling based BBS is to detect 
those classes that are most likely to contain the optimal 
solutions. To do so requires constructing a partial order- 
ing among the classes defined by a relation. The classes 
are evaluated using samples from the search domain and 
a class comparason statzstic is used for comparing differ- 
ent classes. For a given class comparison statzstzc 57 
and some number M ,  a relation is said to properly delin- 
eate the search space if the class containing the optimal 
solution is within the top M classes, when the set of 
all classes defined by the relation are ordered using 5 ~ .  
This basically means that if a relation satisfies the de- 
lineation constraint then, given sufficient samples, the 
relation will pick up  the class containing the optimal so- 
lution within the top M ranked classes. If a relation does 
not satisfy this, then the relation leads to wrong decision 
and as a result success in finding the optimal solution is 
very unlikely. 

A particular relation may not satisfy the delineation 
constraint for different problems, different class compar- 
ison statistics, and different values of M .  One relation 
may work for a particular case and may fail to do so 
for a different setting. Therefore, any algorithm that 
aspires to be applicable for a reasonably general class 
of problems, must search for appropriate relations. De- 
termining whether or not a relation satisfies this delin- 
eation constraint requires decision making in absence of 
complete knowledge. For a given relation space 4,, a 
BBS algorithm must identify the relations that properly 
delineate the search space with certain degree of reliabil- 
ity and accuracy. This requires comparing one relation 
with another using a relation comparison statistic and 
constructing a partial ordering among them. 

A BBS algorithm in SEARCH cannot be efficient if it 
needs to consider relations that divide the search space 
in classes, with the total number of classes growing ex- 
ponentially with the problem dimension. For example, 
in an l-bit sequence representation, if there is a class of 
problem which requires considering the equivalence rela- 
tions with (e-1) fixed bits then there is a major problem. 

This relation divides the search space into 2'-l classes 
and we cannot solve this problem in complexity poly- 
nomial in e. However, in BBS the ultimate objective is 
to identify the optimal solution which basically defines a 
singleton class. The smaller the cardinality of the indi- 
vidual classes, the larger the index of the corresponding 
relation. So we need the higher order relations for finally 
identifying the optimal solution, but we cannot directly 
evaluate them since their index is large. The solution 
is to limit our capability and realize that we can only 
solve those problems which can be addressed using low 
order relations and when high order relations are decom- 
posable to those low order relations. This means that 
the information about low order relations can be used 
to evaluate the higher order relations. Consider the fol- 
lowing example. Let rg be a relation that is logically 
equivalent to r1 A r2, where r1 and r2 are two different 
relations; the sign A denotes logical AND operation. If 
either of r1 or r:! was earlier found to properly delineate 
the search space, then the information about the classes 
that are found to be bad earlier can be used to elimi- 
nate some classes in rg from further consideration. This 
process in SEARCH is called resolution. Resolution ba- 
sically evaluates the relations of higher order using the 
information gathered by direct evaluation of bounded 
order relations. 

The above description gives a brief informal overview 
of the SEARCH framework. As we saw, SEARCH ad- 
dresses BBS on three distinct grounds: (1) relation 
space, (2) class space, and (3) sample space. Figure 
1 shows this fundamental decomposition in SEARCH. 
The major components of SEARCH can be summarized 
as follows: 

1. classification of the search space using a relation 

2. sampling 

3. evaluation, ordering, and selection of better classes 

4. evaluation, ordering, and selection of better relations 

5. resolution 

A detailed description of each of these processes can be 
found elsewhere (Kargupta, 1995). Apart from taking 
decomposing BBS into different components, SEARCH 
also some additional steps. SEARCH proposed a prob- 
abilistic, ordinal, and approximate framework for quan- 
tifying these processes. This analysis lead to the deriva- 
tion of a quantitative bound on the sample complexity 
in BBS (Kargupta, 1995) its given below: 

where, S, is the set of relations needed for solving the 
problem; Nmax = max(NijVri E Sr}; d' is an ordinal 
measure of the desired quality of the solution, q is the 
overall desired success probability, and qr is the desired 
success probability in the relation space. Mmin is a con- 
stant that depends on the memory used by the algo- 
rithm. This bound can be used to identify the class 





of problems that a BBS algorithm can solve in sample 
complexity polynomial along problem dimension, desired 
accuracy and reliability of obtaining the solution. The 
class of problems that can be solved using a polynomidy 
bounded number of relations can be efficiently solved in 
SEARCH. This class of problems is called the order-k de- 
lineable problems of an algorithm. Unless the algorithm 
constructs new relation space, the class of order-k delin- 
eable problems is fixed for an algorithm with fixed class 
comparison statistics and memory size. In the following 
sections, we turn toward biology and present a compu- 
tational perspective of natural evolution in the light of 
what we noted in this section. 

3 Natural Evolution: Few Questions 
Natural evolution has evolved fitter organisms during the 
course of time; some species became extinct and some 
flourished. The development of functionally complex but 
efficient organisms like human beings has taken place 
in about 2 billion years. Human genome is comprised 
of around 2.9 x 10' base pairs, which essentially means 
that search space is extremely large and it is very un- 
likely that at the beginning of evolution there existed 
any prior domain knowledge about this search space. 
We evolved in a relatively shorter period of time and 
that really makes the evolutionary search very impres- 
sive. Clearly, the performance is better than random 
enumerative search. Is there something interesting gc- 
ing on in evolutionary search? In this section, we shall 
study this using the SEARCH framework. 

Section 3.1 briefly discusses the flow of informa- 
tion in natural evolution. Section 3.2 points out the 
main problem of the existing models of evolutionary 
computation-lack of emphasis on gene expression. Sec- 
tion 3.3 raises some additional questions about the nat- 
ural evolutionary search. 

3.1 Information flow in evolution 
Information flow in evolution is primarily divided into 
two kinds: 
0 extra-cellular flow: storage, exploration, and trans- 

mission of genetic information from generation to gen- 
eration; 

0 intra-cellular flow: expression of genetic informa- 

The extra-cellular flow involves replication, mutation, 
recombination, and transmission of DNA (deoxyribonu- 
cleic acid) from parents to offspring. On the other hand 
the intra-cellular flow of information involves transcrip- 
tion and translation of genetic information leading to 
the computation of the phenotype of the organism. The 
following paragraph briefly describes the main steps of 
gene expression, that constitute the intra-cellular flow of 
evolutionary information. 

Expression of genetic information coded in DNA into 
the proteins is called the gene expression. Main steps of 
this process are, 
i transcription: formation of mRNA (ribonucleic acid) 

from DNA 

tion within the body of an organism. 

Figure 2: Intra-cellular flow of genetic information. 

0 translation: formation of protein from mRNA 

Figure 2 shows the different steps of gene expression. 
Each of them is briefly described in the following. 

Transcription synthesizes messenger RNA (mRNA) 
from part of the DNA. RNA (ribonucleic acid) con- 
sists of four types of bases joined to a ribose-sugar- 
phosphodiester backbone. The four bases are adenine 
(A), umcil (U), guanine (G), and cytosine (C). "ran- 
scription is basically constructing a sequence of bases 
from another sequence of bases-the DNA. Tkanscrip 
tion is initiated by some particular sequences of bases 
in DNA. They are known as promoter regions. For ex- 
ample, in many prokaryotes, the Pribnow box sequence 
TATAAT is a common promoter region. Transcription 
continues until it reaches some particular kind of se- 
quences of bases, known as a terminator region. RNA 
polymerase transcribes the portion of DNA between the 
promoter and terminator regions. Regulatory proteins 
of a cell can directly control the transcription of DNA 
sequences. There are two kinds of regulatory proteins: 

0 gene activator protein, which enhances transcription 
of a gene, wherever it binds. 

e gene repressor protein, which inhibits transcription of 

These proteins usually bind to specific sequences of DNA 
and determine whether or not the corresponding gene 
will be transcribed. 

Messenger RNA acts as the template for protein syn- 
thesis. Proteins are sequence of amino acids, joined by 
peptide bonds. Messenger RNA is transported to the 
cell cytoplasm for producing protein in the ribosome. 
There exists a unique set of rules that define the corre- 
spondence between nucleotide triplets (known as codons) 
and the amino acids in proteins. This is known as the 
genetic code. Each codon, comprised of three adjacent 
nucleotides in a DNA chain, produces a unique amino 
acid. 

Most of the existing models of evolutionary computa- 
tion do not provide any understanding about the com- 
putational role of the intra-cellular flow of genetic infor- 
mation. The following section gives an account of that. 

3.2 A major problem of existing models of 
evolutionary computation 

Unfortunately, many of the existing computational mod- 
els of evolution address only the extracellular flow of ge- 
netic information. Simple genetic algorithms (De Jong, 

a gene. 





1975; Goldberg, 1989b; Holland, 1975), evolutionary 
strategie (Rechenberg, 1973), and evolutionary algo- 
rithms (Fogel, Owens, & Walsh, 1966) are some exam- 
ples. These existing perspectives of evolutionary com- 
putation do not assign any computational role to the 
nonlinear mechanism for transforming the information in 
DNA into proteins. The same DNA is used for different 
kinds of proteins in different cells of living beings. The 
development of different expression control mechanisms 
and their evolutionary objectives are hardly addressed 
in these models. They primarily emphasize the extra- 
cellular flow. The main difference among these models 
seems to be the emphasis on crossover compared to mu- 
tation or vice versa. 

Although gene expression is not emphasized very much 
in most of the popular models of evolutionary computa- 
tion, several researchers realized its importance. The 
importance of the computational role of gene expression 
was realized by Holland. He described (Holland, 1975) 
the dominance operator as a possible way to model the 
effect of gene expression in diploid chromosomes. He also 
noted the importance of the process of protein synthe- 
sis from DNA in the computational model of evolution. 
Despite the fact that traditionally dominance maps are 
explained from the Mendelian perspective, Holland made 
an interesting leap by connecting it to the synthesis of 
protein by gene signals, which today is universally rec- 
ognized as gene expression. He realized the relation be- 
tween the dominance operator with the “operon” model 
of the functioning of the chromosome (Jacob & Monod, 
1961) in evolution and Dointed out the Dossible com- 
putational role of gene signaling in evoluiion (Holland, 
1975). 

Several other efforts have been made to model some as- 
pects of gene expression. Diploidy and dominance have 
also been used elsewhere (Bagley, 1967; Brindle, 1981; 
Hollstien, 1971; Rosenberg, 1967; Smith, 1988). Most of 
them took their inspiration from the Mendelian view of 
genetics. The under-specification and over-specification 
decoding operator of messy GA has been viewed as a 
mechanism similar to gene signaling in Goldberg, Korb, 
and Deb (1989). Dasgupta and McGregor (1992) pro- 
posed the so-called structured genetic algorithm, which 
uses a structured hierarchical representation in which 
genes are collectively switched on and off. This im- 
plementation also gathered its primary motivation from 
gene expression. An interesting effort was made by Ack- 
ley (1987). He proposed a connectionist paradigm for 
iterative genetic hiiicirrnbing (SIGH) and introduced a 
relation space through weights. Although, SIGH was 
not really motivated by gene expression, rather by con- 
nectionist computation, the computational objectives of 
SIGH shared similar philosophy. 

Kauffman (1993) offered an interesting perspective of 
the natural evolution that realizes the importance for 
gene expression. However, Kauffman’s work does not 
explain the process in basic computational terms on an- 
alytical grounds and does not relate the issue to the com- 
plexity of search process. 

As -we see, the computational role of gene expression 

has mostly been unrecognized. Even when duly recog- 
nized, little srgument has been made to explain its role 
in making search efEcient. Let us consider some addi- 
tional questions. 

3.3 Evolution of life: Some questions 
The problems of our existing computational understand- 
ing of evolutionary search will become more clear when 
we ask some hard questions and demand answers in rig- 
orous computational terms. The objective of this section 
is to do so and demonstrate the need for the alternate 
perspective of evolution that SEARCH offers. 

The problem of “adequate time” 
The evolution of living organisms, comprised of a large 
number of mutually interacting components with amaz- 
ing degree of coordination is undoubtedly impressive. 
This naturally lead us to think about the time that might 
have been needed to evolve such organisms from prim- 
itive ingredients. Some biologists think that there was 
enough time for evolution to succeed (Kauffman, 1993) 
and some of them (Shapiro, 1986; Hoyle & Wickramas- 
inghe, 1981) do not. This is the classical question of 
“adequate time” in evolution. 

Holland (1976) came to an interesting conclusion. Us- 
ing the so called a-universe model, he argued that emer- 
gence of life on earth in such a short time is only pos- 
sible if evolutionary search could detect the appropriate 
equivalence classes or schemata. This was an impor- 
tant argument; unfortunately, this line of argument was 
Iargely neglected by the biologists and the debate con- 
tinued primarily because of the lack of analytical result 
supporting Holland’s argument. 

Those who believe in inadequate time theory, depend 
OR the observation that the search space is too large to 
deal with by random enumeration. Two billion years 
may be a “long time” compared to our lifetime, it may 
not be quite so compared to the size of the evolution- 
ary search space. Wald (1954) conjectured that 2 billion 
years of time is sufficient and sampling different organ- 
isms during the course of this “long” time made evolution 
successful. He even concluded ‘Time is in fact the hero 
of the plot”. Shapiro (1986) criticized Wald’s perspec- 
tive and presented convincing argument demonstrating 
that there was not sufficient time for evolution to suc- 
ceed. Shapiro estimated the total number of samples 
that evolution could have taken during the last two bil- 
lion years. He then computed a conservative bound on 
the joint probability of finding the set of functional en- 
zymes of a primitive bacterium from this set of samples 
and showed that success probability is extremely low. 
The joint success probability is so low that it has been 
compared elsewhere Hoyle and Wickramasinghe (1981) 
with the chance of “a tornado sweeping through a junk 
yard might assemble a Boeing 747 from the materials 
therein”. The foundation of this line of argument is 
based on the assumption that evolution searches by ran- 
dom enumeration. Once we accept this premise their 
argument makes sense. 

Goldberg (1989a) indirectly addressed this question 
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on computational grounds following Holland’s idea of 
schema processing. Although his arguments were pri- 
marily directed toward computational limitations of evo- 
lutionary algorithms such as GAS, their implications 
on biological context were equally important. He in- 
troduced (Goldberg, 1987) order-k deceptive functions 
which essentially admitted that a blackbox search algo- 
rithm can only efficiently solve problems with certain 
degree of decomposability. 

Kauffman (1993) offered a different way of answering 
this question. He argued against the idea of comput- 
ing joint success probability for all the different enzymes 
of living beings. He writes “We should instead be con- 
cerned with the probability of finding any one of possi- 
bly very many properly coupled sets of enzymatic activi- 
ties which might constitute a living proto-organism”. He 
proposes that the development of the individual compo- 
nents in the RNA arld protein spaces lead to the emer- 
gence of the whole in a time shorter than that corre- 
sponding to the joint probability computed by Shapiro 
(1986). This is an interesting break. Although Kauffman 
presents his arguments in terms of phase transitions, au- 
tocatalysis, and percoIation principles, in my opinion his 
arguments against computing the joint probability make 
sense only when the protein space is decomposable. Al- 
though the search problem in DNA space may not be de- 
composable, the DNA+RNA-+Protein transformation 
may convert the problem into a decomposable one. 

As we see, the arguments in favor of adequate time 
are three folds: (1) Holland’s idea of equivalence class 
processing (2) Goldberg’s argument about problem de- 
composability, and (3) Kauffman’s emphasize on gene 
expression. However, none of them alone describes the 
complete picture about the computational processes in 
natural evolution. In the coming sections we shall put 
them together in the light of SEARCH to offer a more 
complete picture of the efficiency in evolutionary search. 
Before that, let us consider another important factor in 
evolution-the natural selection and see whether or not 
the existing models of evolutionary computation does 
capture the complete picture. 

Natural selection: Some questions 
The role of natural selection in evolution is almost uni- 
versally acknowledged. Natural selection has been iden- 
tified as one of the main factor defining the evolution 
and self-organization in many complex systems. 

An immediate question that may come to our mind 
is-What does natural selection select? Clearly living 
organisms have DNA space and the protein space. The 
DNA sequence defines the set of proteins in an organism. 
The proteins are in turn responsible for the phenotypic 
features of the organism. The performance of an or- 
ganism in its environment may act as an index of the 
selective pressure. However, the question is how does 
the selective pressure effect the organism? As we know, 
both DNA space and the gene regulatory mechanisms 
evolved during the course of evolution (Stryer, 1988). In 
order to take place that, there must be some distribution 
of selective pressure in each of these spaces. 

Unfortunately, existing evolutionary algorithms do not 
consider the apportionment of selective pressure in these 
two different spaces. As we saw earlier, evolutionary 
search algorithms remains contend with selection in the 
sample space, corresponding to the effect of natural se- 
lection in the DNA space. Clearly, the lack of considera- 
tion of the selective pressure in gene expression is a miss- 
ing feature from the modeling perspective. The question 
is whether it affects even the computational modeling of 
evolutionary search? The answer is yes. However, let us 
again resist ourselves from explaining the answer until we 
discuss another p-uzzle of natural evolution that appears 
from the role of genetic recombination and crossing-over. 

Recombination of what? 
Recombination among homologous pair of chromosomes 
results in exchanging set of genes among the parent chro- 
mosomes and produces offspring with new chromosomes. 
A good deal of controversy exists about the utility of re- 
combination. In fact, the field of evolutionary computa- 
tion appears to be divided into two camps one supporting 
the utility of recombination and other dismissing that. 
The basic question that we need to ask first is that re- 
combine what? If we consider the parent chromosome 
together as a tuple, then recombination is nothing but 
a permutation operator among the 2l genes. There are 
(2t)! ways to permute that tuple of 2t genes. Therefore, 
searching using recombination is no more efficient than 
mutative search. 

However, recombination is good if we know what to 
exchange. If we know what relations are good then we 
only need to exchange the classes that belong to those 
relations. In an order-k delineable representation recom- 
bination can be used to combine the classes to produce 
classes of higher order relations. 

In natural evolution, recombination process is con- 
trolled by different proteins. For example in E. coli, 
recombination is mediated by products of rec genes 
(Stryer, 1988). After the single-stranded DNA is created 
by wBCD protein, the recA protein directly controls the 
process of binding the duplex DNA, base pairing, and the 
exchange of strands. Clearly the working of recombina- 
tion depends on these proteins and recombination will 
reduce to be a random permutation operator in absence 
of these proteins. Therefore, the evolution of right pro- 
teins appears to be important for the efficient working 
of recombination. 

Unfortunately, most of the existing evolutionary al- 
gorithms do not recognize this. One and muIti-point 
crossover (De Jong, 1975; Holland, 1975), uniform 
crossover (Syswerda, 1989) are some examples of artifi- 
cial crossovers widely used in genetic algorithms. In one 
and multi-point crossovers the point of crossing-overs are 
randomly chosen. In uniform crossover individual gene 
swapping is decided randomly. Clearly none of them 
has any controlling feature. An interesting efforts was 
made elsewhere (Schaffer & Morishima, 1987). They 
suggested the use of adaptive crossover that gradually 
biases toward better classes. Maini, Mehrotra, Mohan, 
and Ranka (1994) proposed using domain knowledge- 
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based nonuniform crossover. Another effort on adap 
tive crossovers can be found elsewhere (Jog, Suh, & 
Van Gucht, 1989). The following section draws a corre- 
spondence between SEARCH and evolution and presents 
an alternate perspective. 

4 SEARCH And Natural Evolution 
Previous sections have clearly explained the need for un- 
derstanding the processing of relations in natural evoIu- 
tion. In this section we take one step ahead by draw- 
ing a one to one correspondence between the evolution- 
ary search mechanisms and decomposition of BBO in 
SEARCH. 

0 Sample space: DNA constitute the sample space. 
Crossover and mutation generate new samples of 
DNA. A population of organisms defines the sample 
space for the evolutionary search. 

0 Class space: Base sequences of mRNA transcribed in 
a cell correspond to only a part of the complete DNA. 
The sequence of amino acids in protein in turn corre- 
spond to base sequence in mRNA. The genetic code 
tells us that there is a unique relationship between the 
nucleotide triplets of the DNA and the amino acids in 
the protein. Therefore, if we consider the DNA as 
a representation defined over the evolutionary search 
space for life and different forms of life, then the amino 
acid sequence of a protein corresponds to a class of 
different DNA; every DNA in this class must have a 
certain sequence of nucleotides that can be transcribed 
to that particular sequence of amino acids. Since the 
genetic code is unique, a particular sequence of amino 
acids can only be produced by a certain sequence of 
nucleotides. In other words, the sequence of amino 
acids in a protein defines an equivalence class over the 
DNA space. 

0 Relation space: Recall that amino acid sequences in 
protein are translated from the nucleotide sequences of 
mRNA. The construction of mRNA is basically con- 
trolled by the transcription process. Since an equiva- 
lence relation is an entity that defines the equivalence 
classes, the transcription regulatory mechanism can 
be viewed as the relation space that defines classes 
in terms of the nucleotide sequences in mRNA and 
finally in terms of the amino acid sequences in pro- 
teins. Among the different components of this regu- 
latory mechanism, regulatory proteins, promoter and 
terminator regions play a major role. Regulatory pro- 
teins exist as a separate entity from the DNA, but the 
promoter and terminator regions are defined on the 
DNA. It appears that there is a distinct relation space 
comprised of the different regulatory agents, such as 
activator and inhibitor proteins. However, it is quite 
interesting to note that this space also directly makes 
use of information from the sample space-the DNA. 
Expression of genetic information in eukaryotic organ- 
isms is more interesting than that in prokaryotes. 

These possible relationships between the different 
spaces of SEARCH and natural evolution are summa- 

. 

Table 1: Counterparts of different components of 
SEARCH in natural evolution. 

SEARCH Natural evolution 
Relation space gene regulatory mechanism 

Sarnr.de mace DNA mace 
Class space amino acid sequence in protein 

rized in Table 1. Now that, we have drawn a corre- 
spondence between the different components of natura! 
evolution and the SEARCH framework, we are ready for 
answering the questions raised earlier in section 3.3. 

5 Evolution of life: Some answers 
In this section we shall revisit the questions raised in 
section 3.3 in the light of SEARCH and present some 
possible explanations. 

The issue of adequate time 
As we saw earlier, the arguments favoring the adequate 
time theory are three folds: (1) Holland’s idea of equiv- 
alence class processing (2) Goldberg’s argument about 
problem decomposability, and (3) Kauffman’s argument 
favoring the importance on evolution in the protein 
space. Now if we look at the adequate time problem 
and these arguments in the light of SEARCH we can 
come to an interesting conclusion-all of them are cor- 
rect when we put them together. When we do so, the 
hypothesis appears as follows: evolution can be success- 
ful in such a short pertod of time if and only if it searches 
for appropriate equivalence classes defined b y  the repre- 
sentatzon and the search problem was either originally 
decomposable or tmnsformed to  a decomposable one in 
the protein space. The following part of this section cor- 
roborates this hypothesis on the analytical grounds of- 
fered by SEARCH. 

First of all, SEARCH proved that polynomial com- 
plexity blackbox search is not possible unless some re- 
lations among the members of the search space is ex- 
ploited. Relations- define classes and exploiting rela- 
tions requires processing classes. Therefore, evolutionary 
search cannot be of polynomial complexity ( Le. effi- 
cient) unless it processes classes defined over the genetic 
representation. The second point is about decompos- 
ability. Was the evolutionary search problem decom- 
posable in the initial genetic representation. No one 
knows, but it is unlikely. The genetic representation 
and the expression of genetic information (a represen- 
tational transformation) evolved during the course of 
evolution. If the evolutionary search landscape were re- 
ally decomposable and solvable in an efficient manner 
even at the early stage, such evolution and transforma- 
tion of representation was not required. It seems that 
nature had to search for an appropriate transformation 
which expressed the genetic expression in such a way 
that the search problem becomes decomposable at a cer- 
tain level. The need for problem decomposability and 
the possible mechanism of gene expression for accom- 
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plishing such decomposability can again be corroborated 
using SEARCH. The SEARCH framework proved that a 
blackbox search algorithm can only solve problems that 
need considerations of relations up to a bounded order- 
the class of order-k delineable problems. In other words 
there must be some degree of decomposability in the re- 
lation space. If the given relation space is not order-em k 
delineable, the relation space, must be transformed to in- 
troduce delineability. Evolutionary search in nature uses 
a sequence representation. DNA sequence defines the 
primary representation. Expression of this information 
using the DNA+RNA+Protein defines a new relation 
space. Searching for appropriate regulatory mechahism 
can be viewed as the search for the right relation space 
that makes the problem order-k delineable. Clearly all 
the three components of hypothesis supporting adequate 
time theory can be put in proper perspective in the light 
of the analytical foundation offered by SEARCH. 

The following section revisits the issue regarding the 
computational need for accounting the effect of natural 
selection in the DNA, protein, and the regulatory mech- 
anism spaces. 

Apportionment of selection pressure 
Section 4 identified the DNA space as the sample space, 
the protein space as the explicit class space and the gene 
regulatory control mechanisms as the relation space. 
SEARCH clearly points out that no algorithm can sur- 
pass the limits of random enumerative search if it guides 
itself by applying selection in the sample space. There- 
fore, evolutionary search in nature cannot surpass this 
computational limit by simply applying the selective 
pressure in the DNA space. Effect of natural selection 
must also be distributed in the relation and class spaces 
of evolutionary search. In other words the effect of nat- 
ural selection must show up in the evaluation of parts of 
DNA sequences into proteins in different cells of an or- 
ganisms and also the gene regulatory mechanism space. 

The following section revisits the computational as- 
pects of genetic recombination in the light of SEARCH. 

Recombination of classes 
From the SEARCH perspective, recombination serves 
the purpose of resolution. Once the right relations are 
detected the corresponding better classes can be resolved 
using a recombination like operator. Therefore, the pur- 
pose of recombination in natural evolution is not at all 
clear unless we introduce the relations as possible con- 
trolling agents. The following section describes an inter- 
esting possibility-construction of new representation in 
natural evolution. 

5.1 Representat ion construction 

Evolution of gene regulatory mechanism means construc- 
tion of new representation. Eukaryotic organisms have 
a richer way to construct new representation. Most of 
the eukaryotic organisms are diploid. At a particular 
gene one allele is recessive and the other is dominant. 
The expression of a dominant gene takes place during 
transcription and translation. When a diploid chromo- 

some is viewed as a sequence of dominant and recessive 
tuples, the set of dominant alleles can be interpreted 
as a new representation for the set of recessive alleles. 
The gene regulatory control mechanism determines what 
gets expressed in a particular cell. The evolution of this 
regulatory control mechanism is computationally equiv- 
alent to construction of new relation space. There is 
existing biological evidence that these settings for the 
intra-cellular expression of genetic information evolved 
during the course of evolution (Stryer, 1988). As noted 
in SEARCH, such transformation is needed when the 
original relation space is not order-k delineable. There- 
fore, one of the reason that eukaryotic organisms became 
more successful in the evolutionary race could be the 
ability to construct new representation. On the other 
hand prokaryotes are primarily haploid (i.e. one chro- 
mosome only) and are deprived of this capability. The 
following section argues that if the computational per- 
spective offered by SEARCH is correct then the emer- 
gence of life seems inevitable. 

5.2 Inevitability of life 
Emergence of life on earth seems inevitable when we view 
evolution in the light of SEARCH. If the evolutionary 
search space is order-k delineable then finding the right 
sequence requires considering all the classes in the pro- 
tein space defined by order4 relations. The transforma- 
tion of DNA into protein space can be represented as, 

A : A' + R" 
where A denotes the alphabet set of DNA space with l! 
loci and R is the alphabet of Proteins with e' loci. Us- 
ing this notation the total number of relations defined 
by the protein sequences is 2l'. If the search space is 
order-k delineable, then the appropriate relations must 

be. detected from the c=, (f ) relations of order less 

than or equal to k. Evaluating each of these relations 
requires observing the properties of the classes the rela- 
tion defines. An order-k relation in protein space defines 
ilk classes. Therefore, at least one instance of a class 
is expected in a sample size of Rk. In reality proteins 
are built of twenty amino acids, i.e. fl = 20. Clearly 
for small values of k, 20k is not a big number compared 
to the evolutionary search space, defined by DNA se- 
quences. The expression control mechanism may need 
to evolve if the space is not order-k delineable. A con- 
stant number of such transformations still keep the sam- 
ple complexity polynomialy bounded. Therefore, if this 
perspective is correct life appears inevitable. The follow- 
ing section concludes this paper. 

6 Conclusion 
This paper makes an effort to interpret the lessons of the 
SEARCH framework in the context of natural evolution. 
The fundamental decomposition of blackbox search pro- 
cess in terms of searching in relations, class and sam- 
ple spaces are mapped onto different computational pro- 
cesses on natural evolution. This paper also hypothesizes 
a computational role of the intra-cellular processing of 
information, gene expression. 
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