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1. Introduction

T.omEBBmc_:Q and computational &mo_os@ are fundamental attributes of
computing systems. A third attribute isgvol ary adaptability, the ability

g T————

of a system to self-organize through a variation msa sélection-process. The

“authotr Has previously proposed-that-these three-attributes of computing

are linked by a trade-off principle, which may be roughly stated thus: a
computing system cannot at the same time have high programmability, high
computational efficiency, and high evolutionary adaptability (e.g., Conrad
1972, 1974, 19835). The purpose of the present paper is to outline the reason:
for the trade-off principle in a manner which, though not entirely formal, is
sufficiently detailed to allow for a well-defined formulation. We also consider
the implications of the principle, first for alternative computer-architectures
suited 8 solving problems-by methods of evolutionary-search-and second,

for.limits:on Eo capacity-of. EcmEEEwEa machines to simulate-nature and

2. Programmability

Programmability is difficult to define outside of the context of a specific
formalism, such as Turing machines, recursive functions, or high level com-
puter languages. We can proceed by defining the concept of a program
in terms of a specific formalism, and rely on the Turing-Church thesis to
argue that this definition has an equivalent in every other formalism. Al-

ternatively, we can make metaobservations about programs in all these for-

malisms. In particular we note that programs are rules, or maps, that feature
finiteness of the number of symbols emploved, discrete differences among
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the symbols, and, in the action of the rule, discreteness in time. The classical
definition of a finite automaton has all three properties, and we can regard
the next state function and output function as comprising the program of
the finite automaton. Programmability is the ability to prescriptively com-
municate a program to an actual system.

Definition 2.1 (Turing machine program): We recall that a Turing machine
is a finite automaton along with a potentially infinite memory tape which
it can move and mark. A finite automaton may be defined as a quintuple
< X,Y,Z, X\, 6 >, where X is a finite set of inputs (tape symbols), Y is a finite
set of states, Z is a finite set of outputs (tape symbols and moves), X is the
next state function (X x Y —Y), 6 is the output function (X xY — Z), and
we assume a discrete time scale. The next state and output functions (the
transition functions) comprise the program of the Turing machine (or of the
finite automaton).

Definition 2.2 (simulation): System Sy will be said to simulate system Sy if
it executes the same transition function from initial state to final state and
output. We do not require that all aspects of Sy ’s states be represented in S1’s
states and we make no assumption about the fidelity of intermediate states.
S, and S, are weakly equivalent if they simulate each other (in this case all
aspects of the state description must be included). They would be strongly
equivalent if the intermediate states were faithful, that is, if the simulation
would hold at every time step. We will say that a class of systems [S1] is
equivalent to a class of systems |Sq] if all the systems in [S3] can be simu-
lated by some system in [S1] and conversely. The simulation will be called
exact if the final state of Sy can be precisely ascertained from Sy and will
be called approximate if it can be ascertained to an adequate approximation
(any reasonable definition of “adequate” will do).

Rules (or maps) that generate or describe the behavior of a system may
be divided into finite and infinite types. A rule is of the finite type if it
can be decomposed into a number of types of distinct operations (to be
called primitive operations) that are applied to a finite set of distinct sym-
bols (called primitive symbols). According to the Turing-Church thesis all
such finite-type rules are equivalent to Turing machine programs in the strict
sense that each of the primitive rules from which they are built can be sim-
ulated exactly (that is, without approximation) by Turing machines. The
converse is also true if the simulating system is universal. Interpreted in its
strongest form, the Turing-Church thesis also asserts that, as far as presently
known, all physically realizable maps can in effect be computed by Turing
machines, that is, the systems described by these maps can be simulated
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to an arbitrarily high degree of precision (assuming constraints on space
and time bounds are ignored). Thus it should be possible to associate any
infinite-type map that is physically realizable, such as the continuous maps
of physical mechanics, with rules of the finite type. This distinction moti-
vates the following definition.

Definition 2.3 (program): 4 program in the strict sense is a rule that (when
embodied) generates the behavior of a system, subject to the condition that the
rule is of the finite type. This generalization of Definition 2.1 is justified by the
assumption that each distinct element of any finite-type rule can be exactly
defined in terms of the Turing machine programs. The maps describing the
behavior of systems not of the finite type will not be called programs, but
they may be implicitly associated with programs of the finite type (again by
virtue of Turing-Church). These associated programs will be called implicit
programs.

We note that the concept of computation can be generalized from the
well-defined concept of Turing machine computation in a similar manner.
To the extent that all physically realizable dynamics can be simulated by Tur-
ing machines it is possible to assign an equivalent amount of Turing machine_
computation to their behavior. For example, it is possible to use digital sim-
ulation to express the amount of equivalent digital computation performed
by, say, a turbulent fluid. The precise amount of equivalent computational
work will depend on the model of computation used for the simulating sys-
tem and on the efficiency with which the time and processor resources of
the simulating system are used. The objection may be raised that com-
putation should be defined in terms of purposes, such as the solution of
problems. However, it is clear that Turing machine behavior may serve no
useful purpose, aside from generating the particular behavior in question.
Moreover, arbitrary continuous dynamical processes could conceivably be
incorporated into computing machines as primitive operations in a man-
ner that enhances the utility of these systems for solving problems. Turing
machines and models of digital machines generally are particular models of
computation. They are particularly useful as reference points for evaluat-
ing the amount of computational work performed by arbitrary dynamical
systems, not as delimiting the class of behaviors admitted to be forms of
computing.

Having defined the concept of program we are in a position to define
programmability, and in particular the important concept of structural pro-
grammability.

Definition 2.4 (effective programmability): A real system is (effectively) pro-
grammable if it is possible to communicate desired programs to it in an exact
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manner (without approximation) using a finite set of primitive operations and
symbols.

The finiteness of the set of primitive ononm:ozm and symbols is tanta-
mount to the requirement that the : te:This is what
allows the programmer to communicate the rules he conceives exactly, that
is, to exert complete control over the rules governing the machine. It is
undoubtedly possible to omit the subjective state of the programmer, what

intuitive oomoouﬁ of
used the term “effective” to emphasize the ooEv_anmm of the control ex-
erted by the programmer. This sense of complete control is of course also
subjective. In fact, it is :ﬁvOmm_Eo in mozon; to prove that programs ex-
Eomm aam:ma algorithms, and a

approximate programmability might fit real-world phenomena better than
effective, or exact, programmability. However, the concept of exact pro-
grammability fits better to the objectives of the majority of programmers.

Programmability can be achieved in three ways. The fitsi is to con-
struct an interpreter, or universal algorithm, that can read and follow any
particular program. It is necessary to construct a real system capable of
executing this algorithm. The .Woumﬁa way is to build a physical realiza-
tion of the formal system—that Ts, a machine whose elementary operations
and states match the primitive operations and symbols of a programming
language. This provides a mechanism for communicating a universal rule
to a physical machine. The third way is to use a compiler, or algorithm,
which converts the primitive gmﬁmaosm and symbols of a psychologically
convenient language into primitive operations and symbols that match the
operations and components of the machine. The latter two methods are
based on the fact that the program, either directly or indirectly, can be ex-
plicitly represented in the structure of the physical system, that is, in the
state settings and connectivity of its components.

Definition 2.5 (structural programmability): A4 physical system is structurally
programmable if it is effectively programmable and if its program is mapped
by its structure.

Effective programmability does not necessarily entail structural pro-
grammability. In fact it is possible to show that a physical system can
be structurally nonprogrammable and at the same time effectively pro-
grammable (Conrad 1974a). To do so it is necessary to construct a struc-
turally nonprogrammable system that is computation universal. If it is com-

he desires to impart to the oon._bﬁna from the definition. However, our

see Avizienis 1983). A oocooE o#,
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putation universal it must be able to support an interpreter. However, all
present-day artificial computers are structurally programmable.

Structural programmability may be viewed in terms of the two branches
of automata theory—behavior and structure. Behavior theory deals with the
capabilities of machines from either a state or language point of view, while
structure theory is concerned with either synthesizing systems from primi-
tive components or analyzing them into primitive components. These two
branches are logically independent. A combination lock is a finite automa-
ton, but it is not ordinarily decomposable into a base set of elementary-type
components that can be reconfigured to simulate an arbitrary physical sys-
tem. As a consequence it is not structurally programmable, and in this case
it is effectively programmable only in the limited sense that its state can be
set for achieving a limited class of behaviors. A digital computer used to
simulate a combination lock is structurally programmable since the behav-
jor is achieved by synthesizing it from a canonical set of primitive switching
components. We shall see that it is usually necessary to pay for this decom-
posability and universality in terms of the potential efficiency with which
the material resources of the system are utilized.

3. Programmability and Efficiency

Computational complexity usually refers to the number of time and proces-
sor resources required to solve a problem (Kuck 7978). I will use the term
computational efficiency to refer to the effectiveness with which resources
are recruited for solving problems. To compare the ultimate problem-solving
power of widely different types of systems, including systems that are struc-
. . . ° B \\‘.’l&v\

turally nonprogrammable, it is convenient to take the number of processors
as the niimber of particles in the system. We could also consider the costs of
composing these processors into an integrated muaﬁoa. however, this cost has
negligible impact on our analysis and is in any case highly contingent upon
the broader support systems available. Furthermore, we will for simplicity
focus on number of particles rather than time, considering the comparative
potential computational power of systems over equal intervals of time.

Particles contribute to computation only insofar as they interact with one
another. If more interactions are recruited for computing, fewer particles
will be necessary. As a consequence we define efficiency in terms of inter-
actions rather than particles, using the laws of physics to translate, when
necessary, from number of interactions to number of particles.

Definition 3.1 (computational efficiency and computational complexity):
The computational efficiency of a computing system (denoted by ) is the
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number of interactions used for computation relative to the maximum num-
ber possible in a system consisting of the same number of particles. The
computational power of a computing system is measured by P = ne, where
n is the number of particles it contains. The computational complexity of
a problem is the minimum number of resources required to solve it (for the
present purposes expressed in terms of number of particles, time, or both).

According to current force laws, n? interactions occur in a system of n
particles. A digital computer simulating such a system must calculate all
these interactions. In practice the number of interactions among the par-
ticles in the digital computer is very much less than n. If the computer
is effectively programmable it must operate in a sequential mode, other-
wise unanticipated conflicts would always be possible. Roughly speaking a

computer consisting of n processors can support at most an n-fold speed-up

(e.g., Arbib 71969). The underlying assumption here is that the definition
of a processor in the user’s manual should be scale invariant—it should
not change as more processors (therefore more particles) are added to the
machine. The amount of information processing carried out by a physi-
cal system freed from the constraints necessary to support programmability
is thus potentially much greater than the potential information processing
performed by a system not so constrained.

It may be objected that the nonprogrammable system is not demonstra-
bly processing information. However, we can recall (Section 2) that an
equivalence can be established between computing and arbitrary physical
dynamics. A digital computer that simulates a nonprogrammable system,
such as a turbulent fluid or a DNA molecule, is indubitably processing in-
formation. The difference between the digital computer and the simulated
system is that the former has a universal simulation capability, whereas the
latter may have a limited simulation capability. Restricting the potential
number of interactions that can contribute to computing can be justified
only if the concept of computing is tied to a particular class of BmosEom
If the equivalence between computing and dynamics is admitted, then n?
must be the upper limit of interactions that can contribute to computing
(Conrad 1984).

Many constraints are pertinent to the actual computing power achieved
by both structurally programmable and structurally nonprogrammable sys-
tems. Some of these constraints are connected with restrictions on static
and dynamic degrees of freedom of the system (Pattee /973). Some are con-
nected with constants of nature, such as the speed of light, Planck’s constant,
and Boltzmann’s constant. When a computing system becomes sufficiently
large, the speed of light should be taken into account. Efficiency, €, would
then assume a dependence on size. However, the following model provides a
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useful first approximation to the comparative computing potential of struc-
turally programmable and structurally nonprogrammable systems (see also
Conrad and Hastings 1985).

Consider a structurally programmable system in which the processors (in-
cluding both switches and wires) behave according to the specifications in a
finite user’s manual. As before the system consists of n particles (1 < k < n).
It is straightforward to specialize to the probably unrealistic limit in which
each manual-defined processor is a single particle. For simplicity we will as-
sume particles are added k at a time (that is, in integer units of processors).
The number of interactions that can contribute to computing then increases
with the number of particles by at most C(n/k)k?, where n/k is the num-
ber of processors and C is a constant representing the number of potential
contacts that a processor can have and nevertheless operate according to its
definition in the user’s manual. As k increases the potential contribution of
the processor to computing increases. Usually only a small fraction of the k2
interactions in a processor will be utilized, however. Furthermore, the fac-
tor Cn/k is an upper estimate since effective programmability is in general
lost if all processors are used at once even if the machine is effectively pro-
grammable when operated in sequential mode. The efficiency of structurally
programmable systems thus scales at most as € = Cnk/n? = Ck/n, and, in
the limit of each particle being a manual-defined processor, as € = C/n. This ;
means that the efficiency of structurally programmable systems decreases a
the number of particles in the system increases.

By contrast, structurally nonprogrammable systems can achieve an effi-
ciency of ¢ = 1. This is the case when none of the interactions are sup-
pressed. However, in this case the system has no flexibility other than that
associated with the choice of initial conditions. If constraints are imposed
on it to tailor its behavior for a particular task this must reduce the number
of interactions. Maximum flexibility is achieved when the allowable num-
ber of variations is greatest. According to the binomial theorem this occurs
when the number of interactions is n2/2 (Harary and Palmer 1973). The
oaownsox of structurally nonprogrammable systems constrained for maxi-
mum evolutionary flexibility thus scales as 1/2, independent of the size of
the system.

The situation can be summed up in the following definition and theorem:

Definition 3.2 (evolutionary flexibility): The evolutionary flexibility of a sys-
tem is the number of possible variations on the pattern of interactions among
its constituent particles compatible with the constraints that define the class
of systems to which it belongs.
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Theorem 3.1 (efficiency versus programmability and evolutionary flexibil-
ity): The efficiency of a system constrained for structural programmability
scales at most as Ck/n, where n is the number of particles, k is the number
of particles per manual-defined processor, and C is a constant. The efficiency
is less if the system is further constrained to run in a sequential mode, in
general a requirement for effective programmability. The efficiency of a struc-
turally nonprogrammable system organized for maximum evolutionary flex-
ibility scales as 1/2, independent of the number of particles it contains. Thus
the efficiency of structurally nonprogrammable systems is potentially n/2Ck
larger than that of structurally programmable systems when the former are
tuned for maximum flexibility and the latter are run in the parallel, least
programmable mode. The advantage of structural nonprogrammability in-
creases still further when the programmable systems are run in the sequential
mode, and when any of the k? interactions with a processor are suppressed.
The potential computational power of a structurally programmable system
consisting of n particles is a constant, Ck, as compared to n/2 for a maxi-
mally flexible, structurally nonprogrammable system.

To complete the picture, we compare these computational capabilities
to the computational resources required for solving problems. We recall
that problems are commonly divided into two broad categories, those with
polynomial and those with exponential growth rates (Garey and Johnson
1979). We take polynomial-type problems to be those in which the number
of computer resources, here the number of particles, required to solve the
problem grow as a small polynomial function of problem size—say as n?,
where n is a measure of problem size. The resources required to solve an
exponential-type problem increases combinatorially, say as 2".

If the size of a structurally programmable system is increased by 101° and
if all of its resources could be recruited in parallel with perfect efficiency,
it could potentially increase the size of n? type problems it could handle
by a factor of 10%. This is if we consider the computing resource to be the
number of manual-defined processors, as is usually done. If we consider
the resource to be the number of interactions, we could conceivably take
advantage of some of the contacts among processors and some of the in-
teractions within them. Even so, the number of interactions, Ckn, scales
as the number of processors, and in the limiting case in which all particles
are processors C = k = 1. In structurally nonprogrammable systems, how-
ever, the number of interactions increases much faster than the number of
processors, in fact as the square of this number when the processors are
identified with particles. Thus the increase in the computing potential of a
structurally nonprogrammable system is in this case 10° times better than

Michael Conrad 293

the increase in computing potential of a structurally programmable system
run in a parallel mode. Summing up we have

Theorem 3.2 (structural programmability versus computational complexity):
The size of an n2-type problem that can be solved by a structurally pro-
grammable system consisting of n particles increases by a factor that scales at
most as n'/2, even if all interactions in the system can be brought to bear. By
contrast, the size of the problem solvable by a structurally nonprogrammable
system with maximum evolutionary flexibility increases by at most n/v/2.

Theorem 3.2 implies that structurally programmable systems cannot
keep up with polynomial growth rates in problem size, whereas structurally
nonprogrammable systems can in principle keep pace with these growth
rates. So far as is known, no system can keep up with exponential growth
rates. If a physical system could keep up with exponential growth rates
we would have to give up the idea that it is simulatable by digital com-
puters in polynomial time for even the smallest time slices. If it were so
simulatable we could solve these exponential time problems in polynomial
time by a constant factor speed-up of the digital computer, contradicting
the assumption that the problem is of the exponential type. It is of course
possible that such nonsimulatable systems exist. This would not contradict
the Turing-Church thesis, however. In its strongest form Turing-Church re-,
quires all physical processes to be simulatable; but it places no polynomial
growth limitation on the number of computational resources required mow.
the simulation.-

4. Evolvability and Gradualism

We now investigate necessary.and. m:mwo_oi conditions for evolutionary

_adaptability. Evolutionary flexibility and gradual :m:wmodamg_:% (to be
defined below) play an important role. In the next section we show that the
problem of ascertaining whether a structurally programmable system is grad-
ually transformable is in general unsolvable and that the class of structural
changes for which the problem is solvable is much greater for structurally
nonprogrammable systems. As a consequence programmable systems are
not as effectively structured for evolution as nonprogrammable systems.

Definition 4.1 (evolutionary adaptability): 4 system is evolutionarily adapt-
able (or evolvable) to the extent that it can utilize variation and selection
mechanisms to survive in uncertain or unknown environments. Survival
means continuation of function at an acceptable level. Evolutionary-adapt--
ability may be operationally measured by the uncertainty of the most uncer-
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tain environment that a system can tolerate on the basis of variation and m
selection mechanisms alone. (Entropy measures on the environment transi- ./

tions, treated as Markov chains, are suitable for this purpose. See NE:%S
1957; Conrad 1983). ’

Definition 4.2 (gradual transformability): A system is gradually trans-
formable if it undergoes small changes in behavior in response to at least one
elementary (or noncompound) structure change. The behavior of two systems
differs by at most a small amount if they solve approximately the same class
of problems, for example, can perform adequately in approximately the same
set of environments. The appropriate criteria for two classes of problems
to be approximately the same depends on the cost of failure. The weakest
reasonable definition is that all systems which perform different but defined
computations differ by a small amount as long as their computations termi-
nate. We will say that two systems whose behavior differs from each other in
this weak sense of small are weakly transformable into one another if they
can be transformed into one another by a sequence of elementary structural
changes. Weak transformability can be taken as a necessary condition for

gradual transformability.

4~ 1In orderfor a system to be evolvable it must be capable of accepting
at least one §tructural change. A system accepts a structural change if its
performance improves or if it is capable of lasting long enough to accept
another change, eventually leading to an improvement, A system remains

form becomes i
tatio equired. If p is the probab
required for n scales as 1/Ap™, where m is the number of simul-
taneous changes that must occur and A is the number of systems in the
population. By contrast the time required for evolution to proceed through
m single step mutations scales as m/Ap. The evolution time becomes unac-
ceptably large for all-valuesiof m > 1.

For example, if p = Ho...c.._m.“ which is actually large for a biological mutation
rate, the rate of evolution would be 10® times slower when m = 2 than when
m = 1 for at least one of the possible mutations. Large values of p are not
reasonable since this increases the chance of unfavorable structural changes
canceling out favorable ones. Detailed calculations which take into account
the effects of such canceling mutations, the relative advantage of improved
forms, and the number of single step mutations required have been pre-
sented elsewhere (Conrad 1983). These factors, and also th ulation
size, have a negligible impact on the overall picture lutio
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on any reasonable time scale if:
appearance of a .

The threshold condition can be put into a neat form, analogous to a
threshold condition for evolution formulated by Maynard-Smith 1970. Let
N denote the number of single event structural alterations that a system can
undergo. In proteins N denotes the number of single mutations or single
crossover events. In a computer program N denotes the number of single
alterations of code, at any level of hierarchical organization. Let f denote
the fraction of these alterations that are acceptable. for st
A slight alteration in a system is more likely to be acceptable if it leads to
a gradual modification in its behavior. Radically modified behavior might
or might not be acceptable, whereas gradually modified behavior is intrin-
sically acceptable since it entails only small improvement or degradation of
performance. Whether gradual transformability is a necessary and sufficient
condition for an evolutionarily flexible system to be evolvable or just a suf-
ficient condition depends on the definition of smallness and on the selection
pressures imposed. It is possible, though highly implausible, that in some
cases similarly structured systems with radically different behaviors could
perform satisfactorily in the same environment. However, it can hardly be
expected that this will be the case if the difference between the systems is
so great that one gives a defined computation and the other does not.
ransform thus.be:taken:as onditi e 100
ptability under the reasonable assumption that mutations from defined
to undefined computations are unacceptable.

By itself, however, gradualism does not assure evolutionary adaptability.
The gradual transformability must be capable of generating a variety of
useful forms. Thus evolutionary adaptability also depends on evolutionary
flexibility. )

We can summarize the necessary and sufficient conditions for evolution-
ary adaptability in the following:

Lemma 4.1 (conditions for evolutionary adaptability): Evolutionary flexi-
bility is a necessary condition for evolutionary adaptability. Gradual trans-
formability is a sufficient condition for an evolutionarily flexible system to be
evolutionarily adaptable, and weak gradual transformability is a necessary
condition. Gradual transformability increases sharply when fN 2 1, where
N is the number of single event structural alterations and f is the fraction of
acceptable alterations. It increases moderately with increases in f that push
the system further above this threshold condition and decreases sharply when
the system falls below this threshold condition.
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Structurally nonprogrammable systems have much higher evolutionary
flexibility than structurally programmable systems, assuming that the struc-
tural alterations of the latter are constrained to be compatible with struc-
tural programmability. The evolutionary flexibility could nevertheless be
adequate for performing a wide variety of tasks if the problem of discover-
ing the allowable variants through an evolution process is ignored. Gradual
transformability is essential for such discovery, however:

The gradualism property is most likely to be present in systems if they are
highly parameterized and highly redundant. It is usually possible to change
the parameters of a program over some range without radically altering the
execution sequence. The incorporation of continuous dynamics increases
parameterization since this increases a system’s amenability to continuous
deformation. A mouse and an elephant probably share the same rule of
development, so far as the overall order of events is concerned, but differ
by stretching and compression of events. Gradualism is also increased if it is
possible to insert or delete rules that are independent so far as the operation
of other rules are concerned, as in a production system type knowledge base
of an 9602 system.
serves to buffer the effect of structural change on behavior.
Womczamzox taken by itself, confers fault tolerance 859. .Em: :mnmmoasm-
bility (Dal Cin 1979). However, it can serve to . | y
the presence of parameterization and continuous &E:EQ: features. Re-
dundant, noncritical components can serve to absorb some of the impact of
a structural change, thereby modulating its effect on components critical to
the behavior of the system (Conrad 1983).

Evolutionary systems can be associated with an a ¢/ which
assigns a performance measure to each state of the system. If an evolu-
tionary system fails to mmsm@ the threshold condition fN > 1, it becomes

. A system comprising a given
number of cma_o_@m could never be organized to definitely exclude such trap-
ping since whether or not a mutation leads to a small change in behavior
depends on the pressures of selection, which in turn changes as the organi-
zation of the system changes. However, redundant features can always be
added in a stepwise manner without significantly degrading the perform-
ance of the system. Mutations of this type serve as f-enhancing mutations.
The time required to reach a higher adaptive peak through a series of u
f-enhancing mutations followed by m fitness-increasing mutations scales as
(u + m)/Ap, which is very much faster than 1/Ap™, the time required for
a double mutation, even when v is large. In an evolutionary system such
[-enhancing mutations can hitchhik along with the fitness increasing traits
whose evolution they facilitate. The addition of redundancy increases the
dimensionality of the space and by doing so opens up #xf
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5. Programmability and Evolvability

We now show that structurally programmable systems do not in general
meet the requirement for gradual transformability.

Theorem 5.1 (gradual transformability problem): The problem of ascertain- :
ing whether a structurally programmable system will undergo a small &B:w.
in behavior in response to either single or multiple changes in its structure i
unsolvable. It is in general impossible to put any reasonable metric on th
amount of behavioral change that is likely to result from a structural change

The proof is similar to that of the unsolvability of the halting problem
(Turing 1936-7). Suppose that it is in fact possible to write a program, U, to

" solve the gradual transformability problem. It is sufficient (as in Definition

4.1) to take the behavior of two systems, P and P’, as differing by at Bo.&
a gradual transformation if they both give defined computations (that is,
eventually come to a halt state) and as differing by an unacceptably large
amount if one system gives a defined computation and the other does not.
We are free to take for P any program that halts. The program U must go
to a halt state at least when P’ does not. We would then certainly get an
answer to the gradual transformability problem since P’ would halt if it is
similar to P and U would halt if it is not. Suppose that U is itself P'. Then
U halts if it does not halt. Since this is a contradiction, the assumption that
U is a possible EomEB must @o Eoo_.noﬁ

an altered system will differ by an infinite amount (as when its computation
becomes undefined) it is certainly _EUOmm_Eo to solve it when the systems
differ by a smaller amount. This is why no-reasonable-metric:can in general
be put on the expected-amount-of:structural-change. As a consequence
structurally programmable systems in general fail to meet both a necessary
and a sufficient condition for evolutionary adaptability. For finite systems
the notion of unsolvability must be replaced by that of intractability. In the
absence of mcaomm_ibm mmmcausozm it is as E:moﬁmc_n as proving program

‘ES :swo_é@::w (or E:moﬂwg_:ﬁ of the gradual :msmmogmc_:a\ cﬂoc-
lem in general does not mean that it is unsolvable in all Umn_oc_mﬂ. cases.
We have already observed that rules &mﬁ_mﬁ.um features of continuity and
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states displaying features of redundancy allow for gradual deformation of
the execution sequence (or, alternatively, realization of a given sequence by
a deformed organization). The presence of continuity is incompatible with
structural programmability. This is why the unsolvability of the gradual
transformability problem does not preclude a reasonable metric for behav-
ior change in structurally nonprogrammable systems. In many instances it
is possible to ensure that a structurally nonprogrammable system undergoes
acceptably small behavior change by “mutating” it into a higher dimensional
space.

Evolution processes in nature have produced a wide variety of powerful
biological information processing systems. According to the strong form of
the Turing-Church thesis it should be possible to simulate these evolution
processes with structurally programmable computers. That is, it should be
possible to use structurally programmable computers to b i ma
; ing: To do so it is necessary to invest
sufficient computational resources to pay for the cost of simulating the dy-
namical features and redundancies that support evolution. If it is nef'i
principle possible to simulate these mechanisms then it must be admitted
that an important class of problem solving processes in nature, namely evo-
lution processes, are not simulatable by digital computer.

The computational efficiency of a structurally programmable system is
in effect reduced if some of its resources are used to simulate evolution-
facilitating features. To properly formulate the relation between evolution-
ary adaptability and structural programmability we therefore require the
following

Definition 5.1 (effective computational efficiency): A4 virtual machine is a
simulation built on top of a structurally programmable base machine. The
effective number of interactions that a virtual machine uses for computing is
the number of interactions that the base machine uses for computing minus
the number of interactions used for the simulation. The effective computa-
tional efficiency of a virtual machine is the effective number of interactions
it uses for computing divided by the maximum number possible in a system
consisting of the same number of particles as the base machine.

Theorem 5.1 and Lemma 4.1 combined with this definition may be ex-
pressed as

Theorem 5.2 (structural programmability vs. evolutionary adaptability):
Structurally programmable systems fail to satisfy the conditions for evolu-
tionary adaptability when the mutations of structure occur at the level of the
base machine. Structurally programmable systems can be used to achieve
evolutionary adaptability through simulation, in which case the structural
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mutations occur at the level of the simulation. Such as&&&.eé\ﬁﬁz-
ary adaptability can only be achieved at the cost of a decrease in effective
computational efficiency.

6. The Trade-off Principle

The results obtained in the preceding sections can be summarized in

Theorem 6.1 (trade-off principle): 4 computing &52.: S:.:& have all o.\ the
following three properties: structural programmability, high 85.5:3:@.&
efficiency, and high evolutionary adaptability. Structural ,us.wxaxxsmg%
and high computational efficiency are always mutually exclusive. M.:.:Q.ESN
programmability and evolutionary adaptability are mutually exclusive in the
region of maximum effective computational efficiency (always less than or
equal to the computational efficiency).

We may also gather together a number of more specific results:

1. The potential ooEUEmacwm_ efficiency of a structurally programmable
system is less than that of a structurally nonprogrammable system, the
former decreasing with the number of particles (or Processors) .wma the
latter being independent of the number of particles. The UA.:Q,_:& com-
wﬁmaosm_aWosQ of a structurally programmable mxmﬁa is a constant
that depends on the size of the user’s manual (that is, on Em length of
the definitions of processors comprising the machine), whereas the po-
tential computational power of wﬂEQﬁm_E nonprogrammable mwmﬁam
increases as the square of the s:&coﬂ of particles. Furthermore, if a
structurally programmable system is operated in a sequential (truly pro-
grammable) mode its computational;power decreases as the number of
particles increases (Theorem 3.1).

2. The potential evolutionary adaptability of structurally programmable
systems is less than that of structurally =obv8m~..m8§m_u_o .m«mﬁnamv the
former having less potential evolutionary flexibility and failing to meet
the requirement for gradual transformability at the level of the base ma-

. chine (Lemma 4.1 and Theorems 3.1 and 5.2). .

3. Virtual evolutionary adaptability can be exhibited by MﬁEo.Ea._E pro-
grammable systems if these systems allocate enough m:, their J_Bo and
processor resources to simulating the m:conﬁa-_uormﬁww H..a_mromm that
allow for gradual transformability and evolutionary flexibility. HEm allo-
cation of computational resources reduces effective computational effi-
ciencv (Theorem 5.2 and surrounding discussion).
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. The Qmam-om. .U::o:u_o. does not exclude the coexistence of high evolu-
_osmmw mawc.ﬂ.mc::w ms.a high computational efficiency. In general evolution-
ary adaptability and high computational efficiency would go together since
an evolvable system could learn to use its resources efficiently. This clai
o.o=E only be satisfactorily demonstrated by construction mua. aoEosmﬂE
:o:.“ through computer simulation, that the desired properties are Eamﬂ
m&:méa Am..wm next section). However, it is likely that biological o
provide an instantia o, oranisme
¢ bbestruct ogrammable. Furthermore, the i
effective for oonm.m: types of computations as oo::uumnn% mw MMMMNMME&F
mSEEmEo machines. Similarly, point 3 above has not been given omwrm o
constructive or analytical interpretation. However, it is possible to m?M M

fairly general analysis of ~§E&m§8m that provide an effec-

tivesubstrate for evolution (Conrad 7 983) and there 1s nothing about these

mmwﬁzdm which precludes simulation. This does not establish that 1
m%::w ooﬂvmum_.&n to z.z: exhibited by biological systems can be mowmwwmm
M _.Mimr w_SEm:os.. It is probably impossible to definitively establish such
claim. I.oé.oﬁ.wb if the strong form of the Turing-Church thesis is taken
as axiomatic it 15 then possible to assert the simulatability of evolution

given sufficient computational resources, or alternatively, to assert that the

nonsimulatability of i : .
Church. y of evolution would invalidate the strong form of Turing-

7. Evolutionary Machines

Evolutionary and genetic algori
gorithms have been used for optimization
rob-
MMMwaWoE:MH%mﬂz KWMWVVE%EE 1975) and for adaptive pattern Wooom.
et al. . The trade-off principle impli
. / plies that such al-
mojE.Bm should vm.oo:oa_ém as consisting of two parts. The first is the
variation and m&.@.@:o: procedure per se. The second is the structure oF ﬁmot‘w

substrate on which the search procedure acts. This determines the structure

of .:_m adaptive surface on which the evolution is taking place. Fo
E:.o.:mQ methods to be effective the substrate should have Em. M tion
facilitating properties of gradualism and flexi sroution
The arguments leading to the
possible to advantageously use struct
ulate these evolution-facilitating feat
turally programmable systems are ine
these systems are run in a program
enhancing features in structurally p

€-off principle suggest that it may be
urally programmable systems to sim-
ures. Many of the resources of struc-
fliciently recruited for computing when
mable mode. Representing evolution-
rogrammable systems can finance itself to

:.oa of this claim. As products of evolution, erganisms
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the extent that it increases the effectiveness with which computing resources
are used for problem solving.

Consider first virtual implementations in which the base machine runs
in a sequential mode. The computational effort required to simulate an
evolution-facilitating substrate entails a decrease in effective computational
efficiency. However, this produces a distinctive evolutionary learning capa-
bility that may open up problem domains that could not be as effectively
addressed by direct use of the base machine. Problems whose solution de-
mands an adaptive component fall into this domain. Effective programma-
bility is given up at the level of the virtual machine, just as it is in highly par-
allel machines. As a consequence such machines lend themselves to imple-
mentations in which the simulation of the dynamical processes required for
evolution are run on many processors in parallel. This simulation, though
costly, can be financed by the gain in computational efficiency that results
from tapping otherwise dormant processors.

The architecture depicted in Figure 1 illustrates how this could work.
The basic modules are ¢§ 4 with input lines and read heads.
Each cellular automaton is an array of subcells, each of which is in one of a
number of possible states whose transitions are influenced only by neighbor-
ing subcells. Such arrays are capable of exhibiting highly elaborate patterns
of behavior, ranging from any type of pattern that can be exhibited by partial
differential equations to patterns so elaborate that they cannot be predicted
in advance except through step-by-step enumeration (Wolfram 1986). The
local rules can be viewed as serving to integrate patterns of input signals in
space and time. Particular subcells will thus be activated at particular times
in response to different families of patterns. Some of the subcells contain
read heads, while others do not. If a read head is located on a subcell that
is activated it produces an output signal.’ -

A collection of individual modules with the same cellular automaton
dynamics will be called a clone. The clone is the next higher level of organi-
zation in the machine. The variation and selection algorithm acts randomly,
adding or deleting read heads on each member of the clone and evaluating
how well it performs a: < ti ) i
et The configuration of read heads in the
est performing module is copied into the other members of the clone, and
the process is repeated until the training set is learned. If the local cellular
automaton dynamics are such that the training set cannot be learned, then
the variation and selection procedure must be applied to the cellular au-
tomaton dynamics itself. In this way a variety of differently adapted clones
with the same cellular automaton dynamics are harvested after a first round
of learning cycles, while clones with different cellular automaton dynamics
are harvested after a second round of learning cycles.
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If the cellular automaton dynamics causes different input signal patterns
to activate the same subcell, it serves to aggregate them into an equivalence
class. This is why the machine can generalize from a small training set
of signal patterns. However, if such aggregation is admitted it is always
possible to define tasks that the dynamics are incapable of performing; this
is why the higher level of evolution on the dynamics is necessary. Also note
that the cellular automaton dynamics can be chosen so as to be more Or
less structurally stable (since partial differential equations can be computed
via cellular automata). As the dynamics becomes structurally more stable,
it becomes more gradually transformable. The cellular automaton modules
thus provide both gradual transformability and evolutionary flexibility, the
two properties required of a substrate suitable for evolutionary learning.

The top layer of the machine is a2 memory management system that puts
together combinations of differently adapted modules for the performance
of complex tasks. Each memory control unit, or reference module, is con-
nected to each of the cellular automaton modules. The activation of a refer-
ence module activates a cellular automaton module if its connection to it {s
facilitated for signal flow. Thus each reference module controls a combina-
tion of cellular automaton modules. This organization allows for a higher
level of evolutionary learning. However, it is not necessary to describe the
operations of this memory level of organization here (see Conrad 1976).

We have built simulation systems that operate according to the above
principles (using modules with differential equation dynamics) and have re-
ported on these elsewhere (Kampfer and Conrad 1983; Kirby and Conrad
1984, 1986; Conrad et al. 1987a). Efficient, hardwired systems for simulat-
ing cellular automaton dynamics (cf. Toffoli 1984) would allow for the effi-
cient utilization of low level parallelism, Such systems are still structurally
programmable since the local rules can be effectively prescribed, though in

ractice if.i i cribe a desired global rule. Continuous
analogs of cellular automaton dynamics would be truly structuraily nonpro-
grammable. Biological organisms nsisting of molecular components are

- - ‘\l

truly nonprogrammable since it is not in general possible to prescribe de-

sired local rules by means of “structural mutations. Nevertheless by linking

a structurally nonprogrammable collectioiiof pattern processors together in
a suitable way, it is possible to duplicate any computation that could be
performed by a structurally programmable machine (Conrad 1974a). The
potential efficiency is greater since each processor can be specifically tailored
for the task it performs.

Architectures of the type described could be efficiently implemented us-
ing modifications of current silicon technology. The miniaturization of con-
ventional chips is limited by physical side effects, in particular:guanty

ical:tw 1 i scould loited:
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to achieve the type of :m_mgoﬂéﬁmgoﬂ interactions that are sooomme mo”.
cellular automaton dynamics. E , another phenomenon that
must be m:@vaommaa in a or_n engineered to Rm_ﬁa 850265& _om_o is

cur in organisms would ==ao=§mn=< pro-
i0) computing; though. This is due to
the fact E.& Bo_oos_om such as proteins have highly specific readout capabil-
ities and in addition a high degree of evolutionary gradualism and flexibility.

8. Conclusion

The trade-off principle establishes a link between ooBvEEm and o<o_=-

tion. Algorithms can be executed in structurally progf iable or struc-"

,é%m:ux nonprogrammable systems. The potential computational efficiency
is greater in the latter case. Traditional programming, or prescriptive control
over the rule obeyed, is given up. However, such systems are well suited

' eans. Evolution is itself a method of

problem solving. This form of problem solving can be expressed in an al-

gorithmic mﬁmaméoaw GE it wm &m.oai from the algorithms usually imple-

acts. The search procedure can be mx?.mmmoa as an algorithm in a straight-

forward manner. Hro substrate can also be Qmmo:cma in m_mo_._::za terms

) for 28 om,aoﬁ:\msomm of evolution and so o_OmoE
ogm with oroﬂom of hardware, that it is probably useful to place evo-
lutionary problem solving in a distinct category.

The recognition of the importance of substrate architecture for evolu-
tionary computing opens up the possibilities of new classes of machines,
both virtual and real, that in fundamental respects are more biology-like
than present day machines. This class includes machines programmed to
simulate the dynamical processes and redundancies that facilitate evolu-
tion and, as well, machines directly structured to display these features.
The analysis suggests that for some problems the cost of simulating the
evolution-enhancing features that make biological materials a good substrate
for evolution may be outweighed by the resulting enhancement of adaptive
capability and by the more effective use of parallelism.

We can finally note that the trade-off principle has a fundamental epis-
temic implication. Computer scientists commonly assume that it is possible
to simulate any mathematically describable process in nature with digital

computers, provided that enough time and processor resources are m<m=;
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able. It is impossible to prove this strong version of the Turing-Church
thesis; but up to the present time there has been no convincing counterex-
ample. On the surface Turing-Church suggests that our understanding of
a process, such as a process o an: , can always be crystal-

lized in a computer program and then communicated to an actual machine
for execution. The tacit assumption is that this programmability would not
itself preclude the computational efficiency necessary for simulating the pro-
cess in nature. .E:m assumption is incompatible S:: the trade-off E.Eo:u_n

o1 processes of intel-
igence fall into this owﬂomog since the brain is a product of evolution and
thus cannot be structurally programmable. Conceivably we could evolve an
artificial system to simulate brain-like intelligence; but we would then find
it just as difficult to specify and test the program of this artificial system as
to specify and test the program that generates the behavior of an organis
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