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Abstract- Evolutionary computation (EC) and intelli​gence are closely related. Adaptability can be considered an indispensable aspect of intelligence; in turn, inter​action of an agent with its envi​ron​ment is necessary for adaptation. 

Interaction is funda​mental to EC at multi​ple levels, and an inter​active view​point enhances our under​stand​ing of EC prin​ciples. Interaction is based on a stream-based rather than string-based view of computation, modeled mathe​ma​tical​ly by coinduc​tion and coal​gebras. It forces us to rethink some funda​mental as​sump​​tions of computer science. 

The challenge of building intelli​gent systems can be better met by accepting a para​digm shift from tradi​​tional algo​rithmic models of computation to​ward inter​​action, with all its implications. 

1 Introduction

Evolution of Computing

The word “computer” originated as a job cate​gory for persons who repeatedly executed tedious mathematical cal​cu​lations over sets of data to obtain desired an​swers. The original electromechanical computing ma​chines carried out the same tasks automatically, playing a sig​ni​ficant role during World War II.

Computer science has been evolving very rapidly, and present-day uses of computing are very different from its origins. Computing devices provide a wide range of ser​vi​ces that have become essential to our society and our daily life. Software systems are becoming more powerful yet friendlier to naïve users. 

The increased attention to agent-based computing is part of the evolution, and puts into perspective the related themes of interaction, evolution, and intelligence. Piaget associated intelligence with an evolved ability to adapt to one's environment [Pia50]. A similar view is held in EC literature [Fog00]. If computer systems are tending toward greater ability to emulate human intelligence, it is because of their adaptability and inter​ac​tive​ness, not merely their raw processing power.
The paradigm shift towards interaction
There is continuous interaction between today’s com​puting systems and their environment, e.g., a word processor and a human, a control system and a physical process being controlled, em​bedded systems and their sensors/actuators [Es00], as well as concurrent interactions over networks. Rather than just per​form individual transformations of input data to output data, today’s computers deliver a contin​uous service to their clients, executing tasks that involve multiple inputs and outputs throughout the lifetime of the com​pu​ta​tion [Weg97]. We are seeing a spread of reactive and adaptive systems, e.g. in electronic devices, robots, and process control.  

This is a paradigm shift, inviting us to rethin​k the fun​da​men​​tal notions of computatation, computa​tional models, and computational problems. Today’s computational prob​lems imply pro​cesses or policies rather than just com​pu​ta​tional paths from an input to an output. Our models of compu​tation must be enriched to model per​sistence of agent state, infinite interaction streams, and ongoing inter​action with a (possibly uncom​putable) environment [WG99a].

The Turing Machine is a formal model of algorithmic computation. Algorithmic computing systems accept input from the environment and then “shut out the world” as they compute the output. The Church-Turing thesis codified the ob​servation that the intui​tive notion of an effective pro​ce​dure (algorithm) is em​bodied in the theoretical model of the Turing machine or, equivalently, the Lambda calculus [Tu36]. 

There is no accepted canonical model of in​ter​​active computation to date, but there is much recent work in this direction [Weg98, GS01, VW00]. For example, [VW00] argues that “the under​lying classical Turing paradigm has to be changed,” urging an ex​ten​sion of the Church-Turing thesis to encompass interactive com​pu​tation.

1.1 Interaction and EC

Ongoing interactions of three kinds occur in EC: 

(a)
Adaptation implies the interaction of a computing agent, such as a robot or softbot, with its environment; 

(b)
Competition implies interaction among multiple agents, such as offspring in evolutionary programming (which shapes the evolution of two genetic pools of self-reproducing agents [BH97]);
(c)
Evolution implies interaction between a multi-agent sys​tem (the evolving population) and its environment; this may be at a higher level than the interactions of (a).

Likewise three levels of learning may be distinguished in EC: ontogenetic (adaptation of an individual), socio​ge​ne​tic (adap​​tation by a population), and phylogenetic (arising from a lineage of generations) [Fo00].  Learning is an ex​ample of history-dependent behavior that can​not be mo​deled within an algo​rithmic setting, where computations have no history.

Using living systems rather than mathematical functions as their model, EC researchers have for some forty years discussed automated systems that adapt interactive​ly to their environment and that may evolve “in fast time,” to the ex​tent of being able to “predict the future” based on percepts obtained from their environment [Hol62, Fo62]. 

Learning is part of adaptation. Contrary to supervised learning or learning by memorization, which may be mo​deled by read​ing a file before executing an algorithm, adap​tation mod​ifies system response to future inputs as a con​se​quence of past input.

The evolution of natural species is in part an evolution of the individual behaviors. The field of evolutionary pro​gramming works to codify evolved behaviors as executable programs and modules.  The fundamental idea of applying evolutionary prin​ciples to generate computer programs can be traced back to Turing himself, who suggested that intelli​gent (adap​tive) machines might evolve under the artificial-selection regime of the experimenter. However, the evolu​tionary pro​cess he envisioned was not automatic [Tu50].

Related closely to evolutionary computing is the phe​no​m​​e​non of emergent behavior of complex systems [Sim70], multi-agent interactive systems such as human organi​za​tions or intelligent software systems. It refers to complex adap​tive (evolving) systems whose behavior is more than the sum of the behaviors of the components (agents). 
Outline. We begin by describing some concepts de​ve​loped to formalize interactive models of computation (Sec​tion 2), and describe how interaction is part of in​tel​li​gence (Sections 3 and 4). A math​ematics that goes beyond in​duc​tion is needed to model the stream-based behavior found in in​teractive computing and in EC (Section 5). A study of multi-stream interaction reveals that parallel non​se​ri​aliz​able interactions among agents are more powerful than either trans​​forma​tions of data or sequential interactions (Sec. 6). 

2 Interactive models of computation

In this section, we present some of the formal notions for modeling interactive computation that are used in later sections. Formal models of interactive computation include the pi calculus and calcu​lus of communi​cating systems [Mil80, Mil99], input/out​put automata [LT89], and abstract state machines [Gu93]. By contrast, our model will be based on Turing Machines (TMs), extending them to obtain a simple model of computation that is interactive and capable of modeling adaptive, history-dependent behavior.  An equiv​​​alent model based on interactive transition systems is also possible [GS00].

2.1 Turing Machines and algorithmic computation

TMs model computations from strings to strings ((* ( (*), or equivalently from natural numbers to natural num​bers (N ( N). Any computation of a TM is a sequence of state tran​sitions that always starts in the TM’s initial state and may end in a halting state. The transitions are specified by a transition function, which is fixed for a given TM. Given the same input string, two computations of the same (deterministic) TM will be identical.

TM computation is algorithmic, where the values of all inputs are predeterminted at the start. It cannot be affected by subsequent changes to the environment; therefore, TMs compute as closed systems. Even though it is commonly throught that the TM computations are “what computers do”, they actually mo​del only individual input-processing-output steps of a com​​​pu​ter, i.e., batch computing, or, in a GUI en​vi​ron​ment, a single event and the system’s response.
Whereas a Turing machine stores no record of, and has no use for, previous input/output, this is not the case for adaptive agents.  Both they and their environment can change as a result of interaction; the agent’s behavior is shaped by this interaction history.  History dependent behavior is characteristic of interactive computation, but absent from algorithmic computation.
2.2 The characteristics of interactive computation

Interactive computation, such as that of adaptive agents, is characterized by three features absent from algorithmic computation: (a) interleaving of inputs and outputs during computation; (b) stream input/output; (c) history-dependent behavior of the computing agent.  Having looked at the latter in Section 2.1, we consider the other two here.

Interactive computation involves the exchange of finite messages between the computing agent and its environment, where the agent’s response to earlier input messages can affect the contents of later input. The environment of an agent is the origin of the agent’s inputs and the destination of its outputs. In an interactive com​pu​tation, the environ​ment consists of the set of entities or agents with which it exchanges mes​sages.  Interaction with these agents may be direct or indirect, where the messages pass through a mediator in the environment, e.g. ants depositing or sensing phero​mones to communicate with other ants. 

Interactive com​pu​​​tation may infinite. In the latter case, the agents may be carrying out a service or executing a process; these forms of computation are inherently interactive. Infinite interactive computation is modeled by streams of input and output tokens. A stream over S is an infinite sequence of values (tokens) drawn from a countable set S. The infinite nature of streams corresponds to the (possibly) infinite nature of interactive computation, such as evolu​tion​a​ry computing or a control process, in contrast to the fi​nite, terminating nature of algorith​mic computations.  Section 5 discusses the coinductive foundations of this infinite nature of streams.

Furthermore, an environment of a computation may be uncomputable, such as “the weather” [Mil80]. System designers today model the envi​ron​ment by use cases and actors (UML). Software engi​neering and object-oriented programming model it by input/output streams, by messages, and by event loops.
2.3 Persistent Turing Machines

A model of interactive computation can be obtained with a minimal extention to the TM model; we call it a persistent Turing machine (PTM).  PTMs are 3-tape TMs, where the tapes are for input, internal work, and output respectively.  A single computational step (macrostep) of this machine consists of a halting TM computation, where the original con​tents of the tapes is (win, wmem, ) and the final contents is (win, w’mem, wout), respectively. Hence, a PTM de​fines a par​​tial recursive function from pairs of strings (win, wmem) to pairs (wout , w’mem).

Given an input stream {i1,i2,i3,…}, a computation of a PTM M proceeds by macrosteps, processing the input tokens one at a time while generating an output stream {o1,o2,o3,...}. M’s work tape will also evolve during this computation; we refer to its contents as M’s memory:

(i1, () ->  (o1, m1)

(i2, m1) ->  (o2, m2)

(i3, m2) ->  (o3, m3)

…

A sequential interaction machine (SIM) is an interactive computing device with a single interaction stream [WG99a]. PTMs formalize the SIM notion. For example, the int​er​ac​tion stream for the above computation is:

{(i1, o1), (i2, o2), (i3, o3), …}

Note that only the inputs and outputs are observable by the environment, and part of the interaction stream. The memory, which is persistent (its value is preserved from the end of each macrostep to the beginning of the next), is internal to the PTM.

To take a simple example, let an answering ma​chine A be a PTM whose work tape contains a sequence of re​corded mes​sages. If A allows the operations record, play​back, and erase, then its Turing-computable function might be: 

fA (record Y, X) = (ok, XY); 

fA (playback, X) = (X, X); 

fA (erase, X) = (done, (). 

where ( is the empty string. 

As an example computation of A, the input stream (record A, erase, record BC, record D, playback, …) generates the output stream (ok, done, ok, ok, BCD, …); the state evolves as follows: ((, A, (, BC, BCD, BCD, …). 

This small example suffices to illustrate the three characteristics of interactive computation presented in Section 2.2.  In particular, the history dependent behavior is reflected in the output of the fifth macrostep, which depends on inputs from steps 3 and 4. 

Stream languages and PTM expressiveness

The observable behavior of PTMs is formal​ized with stream languages. Where M is a PTM, M’s persistent stream lan​guage PSL(M), is the set of interaction streams ob​servable on M, such as {(i1,o1), (i2,o2), (i3,o3), …} above. 

We can also consider what happens if the memory is not persistent, and the worktape is reinitialized at each step. For the input stream (i​1, i2, i3, …), the computation would be as follows:

(i1, () ->  (o1, m1)

(i2, () ->  (o2, m2)

(i3, () ->  (o3, m3)

…

The amnesic stream language ASL(M) is the set of streams observable on M in this new context. We call a PTM M amnesic if PSL(M) = ASL(M’), for some M’. Essentially, a PTM is amnesic if it either erases the contents of its worktape at the beginning of each macrostep, or just ignores it throughout the macrostep.  An example of an amnesic PTM is an agent that processes queries over a fixed database, or solves an algorithmic problem for each input.

Though amnesic PTMs represent a more natural extension of TMs to a stream-based setting, persistence of memory is crucial for PTM expressiveness:

Theorem: The set of ASLs is strictly contained in the set of PSLs [GS00]. 

This theorem also gives a formal basis to the claim that simple ref​lex agents are not as powerful as state-based agents [RN95].  

Any discrete-state computing agent that interacts sequen​tially with its environment may be modeled by a PTM. For ex​ample, a person driving a car may be so modeled (see Sec​​tion 3.2). A reac​tive program, such as one that results from an evolu​tionary-program​ming process may be mo​deled by a PTM; in fact, a process of evolutionary com​pu​ta​tion itself may be modeled as a PTM but not as a TM.

3 Interaction and intelligence

The sequential interactive model of compu​tation allows us to define stronger criteria for intelligence than is possible with an algorithmic model of computing. These criteria re​flect the system’s ability to learn and adapt its behavior to its environment on the basis of its interaction history [WG99c]. 

Whenever two agents are computing within different environ​ments, or embedded in different locations, their interaction histories naturally differ. Adaptive agents that start out as identical may adapt dif​fe​​rently if their inter​ac​tion histories dif​fer. Then, they will no longer be identi​cal, and will return different output for the same input. For example, a driving agent that learns to lower its speed after getting speeding tickets will behave differently from an identical agent who learned to drive in a police-free environment. Such adaptation to the environment is an example of history-dependent behavior.
By contrast, for a given input string, (de​ter​mi​nistic) TMs always return the same output string; their beha​vior cannot be history dependent. It follows from the Church-Turing thesis that algo​rithmic computation, for which TM is a canonical model, is not expressive enough to model adaptation or evolution.

3.1 Intelligence: question-answering or adaptation?
Though it is hard to define intelligence in a way that every​one can agree on, it is easier to agree on when one system is “smar​ter” than another. Smart bombs are smarter than other bombs be​cause they can adjust their course in mid-flight using feedback from sensors. Smart interviewees for jobs will try to project more confi​dence if told in the interview that the position requires someone with confidence. When a task is the same, the system exhibiting a greater ability to adapt to the envi​ron​ment will exhibit greater intelligence.

The first definition of computational intelli​gence was pro​posed by Turing, who approached it behav​ioristically and anthropo​mor​phically. Turing’s defi​ni​tion of computing by a machine was the starting point of his definition of in​tel​ligence in terms of a precise notion of com​​puting.  The Turing test, now part of AI lore, stipulates that a system is ul​timately intelligent if it cannot be distinguished from a human through question-answering [Tu50]. This test is not in​teractive: later questions are worded independently of answers to earlier ones. 
It is easy to see that a non-interactive framework will not give the best possible test of intelligence. It cannot test the agent’s ability to learn or to anticipate the questioner’s needs – in sum, to adapt. It is not able to distinguish between an amnesic agent and a persistent one (Section 2). Thus, this test’s concep​tual​ization of intelligence is incomplete, not me​a​suring ability to adapt, sometimes referred to as “street smarts.”

 For a concrete example where a non-interactive test is provably weaker, consider an investigator (ques​tioner) who is interrogating a suspect (answerer), in an attempt to establish guilt. He can ask the suspect to fill out a ques​tion​naire, or he can conduct an interactive interro​gation with fol​low-up questions. Clearly, any​one who can give convincing answers to an in​ter​​rogator in person can do the same on the ques​tion​naire. But the reverse is not necessarily true. It is pos​sible to imagine cases where suspects can fill out any ques​tion​naire without implicating themselves, but an inter​active inter​rogation can exploit weak​nesses in their story to lead to inconsistencies that establish their guilt.

The reason why a suspect may fail an interrogation de​spite being able to pass all questionnaires is that interactive ques​tion​ing forces the answerer to commit to earlier answers before seeing later questions; it also allows the questioner to base later questions on the answers to earlier ones, to probe for weaknesses.

When comparing two tests, if one can make finer distinctions (e.g. of intelligence, or of guilt) than the other, we consider the first more powerful, or even more intel​ligent. As the example above shows, interactive testing is more powerful than algorithmic testing. The extension of the notion of computation to include interaction allows us to define a more powerful form of intelligence by extending the Turing test. 
Behavior-based views of intelligence are common now​​adays, serving as a foundation for “new AI”.  This be​ha​vi​or-based approach to AI uses rationality as a cri​te​rion of in​telligence, in the sense of ability to “do the right thing” [RN]. The interactive Turing test allows us to re​con​​cile such behavior-based views of evaluating intel​ligence with the adaptation-based view of intelligence found in EC literature [Fo00].

3.2 Rethinking computability

Having reconsidered our criteria for intelligence, we also need to reconsider what kind of problem requires in​tel​li​gence to solve. Consider driving from point A to point B. The solution to this problem is in the form of be a series of actions, such as pressing the accelerator or turning the wheel. In a “toy” world described by some map, this seems a simple task. But the presence of traffic and weather conditions, as well as potholes and stones, can affect the car’s motion. The problem of driv​ing under these conditions cannot be reduced to an algo​rithm even in principle: it depends on incredibly com​plex un​pre​dictable events that are not algorithmically describable [Weg98].

Though driving in traffic is not solvable when ap​proached algorithmically, there are already agents being built that can accomplish this task (solve this problem). They do so inter​actively, with con​ti​nuous feedback from a video camera. Thus the prob​lem of driving is an interactive one, approached as a se​quence of algo​rith​mic sub​prob​lems, analyzing one video frame at a time and de​ciding in real time on the proper next action. These algo​rith​​mic sub​problems are tractable, rendering the overall interactive task tractable as well.

The driving example shows the difference between algo​rith​mic and inter​active notions of computability. Only prob​lems whose input can be completely specified a priori are com​putable algorithmically. Algorithmic notions of com​putability do not take the environment into account, es​sen​tially assuming a single abso​lute environ​ment. 

By contrast, interactive computability of a task is con​di​tional on the environ​ment of the agent. The agent is pro​vi​ding a computational service to its environment; whether or not the service can be delivered depends on the agent’s en​viron​​ment as much as on the definition of the task.

Assumptions about the environment (e.g. constraints on it) are part of the interactive problem specification, deter​mining the problem’s feasibility. For designing interro​gat​ors, we assume they will be talking to humans and not ani​mals or aliens.  For designing cars, we assume they will be driving on a road, on Earth; we may even assume a paved road not covered by snow. 

The intrusion of the environment into the notion of an interactive problem causes us to reconsider the notion of feasibility for such problems.  What is feasible in some en​vironments is not so in others.  For example, the prob​lem of run​ning a certain Java applet from a web server may be con​sidered “unfeasible” if it loads so slowly with the current technology that the users will not be able to wait for it. 

3.3 Efficiency of the evolutionary process

Due to the presence of interaction, evolution can be exponentially more efficient than exhaustive search. Let us con​sider the problem of creating agents. To choose even an eight-symbol, ten-state finite auto​ma​ton design by an exhaustive search, one must select from a space of 10152 pos​sibilities [Fo00], due to a combinatorial explosion in the num​ber of possible machine designs of even trivial size. Even billions of years, with a parallelism factor of billions, would not be enough to produce something as complex as a human. 

Clearly something else is going on with evolution, be​sides an algorithmic search. Another example where nature is asto​nishingly fast, though at a different level of mag​ni​tude, is protein folding. The fastest machines available take hours if not days of com​pu​ta​tional time to do something that our cells do in an instant.
In both cases, the explanation is that the corresponding real-world process is non-algorithmic. The interactive nature of this process allows it to influence its environment, which in turn influences the system to “help” it with the compu​tation.  For example, once the protein folding starts, pulled in some particular direction by the initial forces, there is a continuous adjustment of the forces during the folding, until the equilibrium is reached and the protein is in the final position.

Evolution must be an anytime process. An inter​ruptible anytime algorithm “evolves” its solution rather than producing it at once; the later the algorithm is termi​nated, the better the solution [Eb00]. Anytime algorithms are suitable for the computational steps in inter​active systems. When the computational steps are “anytime,” the inter​active system becomes more flexible, enhancing its prob​lem-solving ability.

4 Evolution, learning, and interaction

It has been pointed out that natural evolution of organ​isms can be seen as “a very long term form of learning” [Br89]. Learning is an adaptive process of sharp​ening the ability to predict future events and their probabil​ities, including con​ditional prediction [Fo00]. Equipped with well-honed pre​dic​tions, the agent is better prepared to survive or to achieve other goals.

4.1 Adaptive agents and their environments

As the agent lives (computes), its environment consists both of other agents, with which it interacts, and the environment shared with such agents. This is true in natural as well as artificial systems [BH97], where agents may be called components or objects.

The universal pur​pose of learning is to adapt to one’s environment by predicting future inputs or percepts and thus to be able to generate appropriate outputs or actions. In an inacces​sible, continuous, dynamic, non-episodic environ​ment, it is impossible for the agent to build or deduce a complete picture of its world and the prob​abil​ities that characterize this world. Hence an adaptive system must carve out a set of estimated constraints on probabilities of seeing a given input at a given time.

In reinforcement learning, the emphasis is on hypothesis for​ma​tion, ve​ri​fi​cation, and correction, using inter​action throughout. This continuous hypothesis testing by observing the effect of one’s actions upon the environment prefigures, on a lower scale, the sci​entific method, which is also clearly interactive. Natural systems have evolved reinforcement learning; EC has not yet done so to a significant extent.
As a cognitive model of the environment evolves, it is honed to correct rules or to cover exceptions to earlier rules [HH89]. This is similar to the process of observing a sys​tem: further observations permit the observer to make finer and finer distinctions about the system. But the internal struc​ture of the system, and even its total behavior, cannot be guaranteed to be fully determined though finite observation [Weg98].

4.2 Evolution as intelligence

Jean Piaget pointed out that intelligence is a particular instance of evolved adaptation in nature, or “a form of equilibrium towards which the successive adaptations and ex​changes between the organism and his environment are di​rected” [Pia]. Intelli​gence is a feature of a system, not of a par​ticular algorithm [Fo00].

Adaptation requires prediction, control, and feedback. Since the environment may change, the output function com​puted at each step of an adaptive computation process may change. The process is non-algorithmic, both in its theo​ret​ically infinite duration and in its history-dependent features. 

Evolution’s use of reproduction, variation, competition, and selec​tion provides an inspiration for a method creating intelligent artificial systems. Design variations acquired by such systems is passed on to their offspring [Fo00]. As a process to optimize solutions to specific problems [BH97], evolution is clearly nonterminating and hence non​algo​rithmic as long as an envi​ronment changes dynam​ically.

The general pro​cess of evolution of a species can​not be op​timized. Opti​mality depends strictly upon problem speci​fi​cation, and the formulation of inter​active problems is de​pen​dent on the environment. The no-free-lunch theorem [Fo00] states that no evolu​tion​ary algorithm can excel for all prob​lems. The inter​ac​tion between an EC system and its environment deter​mines the best method for building adaptive agents.  Various kinds of intelligence are shaped by different envi​ron​ments, and no solution will work in all environments.

5 Interaction, streams, and coinduction
The envi​ron​ment where learning and evolution occur is ob​serv​able as streams of inputs and outputs. Whereas algo​rithms have finite string input, interactive computation is asso​ciated with infinite streams of inputs. Living and arti​fi​cial agents interact with their environments through streams of percepts and actions. 

The unending lineage of future de​scen​dants of an agent or organism is another stream, this one gen​erated by the evo​lutionary process. Since a population has many components and many lin​eages, we must consider multiple infinite streams. The infinite character of evolution was noted many years ago by researchers in EC [Hol87]. 

New mathematical tools are needed to model stream-based computation, because inductive methods of definition and reasoning only work in domains of finite objects.  [WG99a]. The chief new notions are coinduction, coal​ge​bras, and non-well-founded sets [JR97, BM96].

Induc​tive definitions provide three conditions: (1) initiality, (2) iteration, and (3) mini​mality. For example, the set (* of all strings over an alphabet ( is inductively defined as follows: (1) the empty string ( ( (*; (2) if a ( ( and x ( (*, then ax ( (*; (3) (* contains no other ele​ments. The equivalent expressiveness of TMs, algorithms, com​put​able functions, and formal systems is due largely to their common use of induction to define static domains and dy​nam​ic processes of derivation. 

While induction formalizes the metaphor of constructing finite structures from primitives, coinduction formalizes the observation metaphor of stream-based environments. Coin​duc​tive definitions eliminate the initiality condition of induc​tion, and replace the minimality condition by a maximality condition. 

For example, the set of streams over a set of tokens S is defined coinductively as follows. Iteration condi​tion: If t is a stream over an alphabet S, and a(S, then (a,t) is a stream over S, consist​ing of the token a followed by a stream t. Maximality condition: the set of streams over S is the maximal set satisfying the iteration condition:

S ( = {(a,t)| a ( S, t ( S (}. 

Note that this definition seems circular, without a base case. Coinduction replaces the least fixpoint semantics associated with inductive formal systems by greatest fix​point semantics [WG99b]; as a result, this definition is well-formed. The Anti-Foundation Axiom, of non-well-founded set theory, states that flat set equations, including circular ones like that for (( above, have unique solutions [BM96].

Coinduction provides a mathematical framework for formalizing systems that interact with the ex​ternal world though infinite interaction sequences. In addition to greatest fixpoints, the semantics of coinduction assumes lazy evalu​ation; the tokens of the stream are observed one at a time, rather than all at once. Hence, coinductive definitions permit us to consider the space of all pro​cesses as a well-defined set, even if the input streams are generated dynamically and cannot be predicted a priori.

6 EC and multiagent interaction

Until this point we have been discussing sequential inter​ac​tion based on single I/O streams. The strength of natural evo​lution includes not only the interaction of individual organisms with their environment, but also the massive concurrency of these inter​actions, where the environment is shared. Certain kinds of fitness testing are an example of concurrent interaction(battle in competition for mates and food, for example. Models for such interaction must be part of the theoretical foundation of EC.

6.1 Concurrency and multi-stream interaction

Database and operating-systems theory prescribes hand​ling the difficult aspects of concurrent and distributed computing by use of the notion of atomic (indivisible) trans​actions and serializable processes, reducible to a se​quence of atomic trans​​actions. But in nature and in ar​bit​ra​ry computing envi​ron​ments, ser​ializ​ability is not guaran​teed. A pack of pred​a​tors does not wait in a line, for exam​ple. Thus we must ac​count for a kind of interaction that se​quen​tial machines can​not model.

A multi-stream interaction ma​chine (MIM) is a state-transition system that interacts with auto​nomous mul​tiple streams [WG99a, WG99b]. Examples of multi-stream inter​ac​tion are ant swarms, the Internet, traffic patterns, and economic markets. 

Multi-agent interactive behavior is part of a taxonomy of computational phenomena of which algorithms are only one element (Figure 1).
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Figure 1: Classifications of behavior by expressiveness

Co-evolution is an example of the power of parallel and concurrent (multi-stream) interaction. In co-evolution, the products of the evolutionary process define their own fitness function, because they are selected on the basis of their success in competing with each other [FW93]. An example is the evolution of a predator species in nature along​side that of a prey species.

6.2 Emergent behavior in multi-agent computing

Not only do multiple creatures (or agents) interact in a natural (or artificial) environment; an agent may be com​posed of multi​ple interacting components. Walking, for ex​ample, is a behavior that can occur in robots or insects with little centralized control, using simple reflexes localized in the limbs [Br89].

The behaviors of systems or societies of agents can well be more complex than the structures of the agents them​selves; emergent behaviors of a system are more than the sums of the behaviors of the system’s parts.

This noncompositionality may be seen in simulations such as the StarLogo [SL00] termite simulation. The ter​mites have limited or no capacity for plan​ning, coor​dination, and per​ception, but they have an evolutionary need to build circular piles of wood chips. Evolution has led ter​mites to apply a simple interactive strategy: move at ran​dom, pick up a chip whenever an isolated one is encountered, and put it down once it bumps into more chips. 

The result is as the certain as if one were to sweep toge​ther a pile of scat​tered wood chips by means of planning and coordina​tion. But the termites accomplish the same task, creating order out of chaos, without even an internal repre​​sen​tation of the goal. Ant computing and swarm intelligence are names for a branch of research related to self-organizing robotics based on similar phenomena from the natural world.

6.3 Evolutionary multi-agent  systems

Once we accept the idea that interaction is more powerful than algorithms, we can distinguish multiple levels in the cap​ability of systems to express or observe intelligent behavior. Mutli-agent com​put​ing is more expressive than the se​quen​tial kind because it can express phenomena such as collaboration or delegation. Collaboration and co​or​di​na​tion of multiple evolving ro​bots cannot be represented by a Turing machine, or even a sequential inter​​action machine, because the inter​ac​tions may be non-serializable.

The greater expressiveness of multi-agent inter​action over sequential interaction contrasts with the result that mul​ti-tape Turing machines are no more expres​sive than single-tape ones. Beyond a single-agent Turing test (Section 3), a multi-agent Turing test may also be defined, observing the agent’s interaction with multiple autonomous agents to evaluate its distributed intelligence. 

Algo​rithmic, sequential, and distributed thinking are pro​gres​sively stronger forms of behavioral approximation to human thinking, defined by progressively more stringent tests of behavior. Sequential thinking is realized by SIMs and used by observers who ask follow-up ques​tions (make sequential observations). Distributed think​ing is realized by MIMs and requires multi-agent obser​​vation of system re​sponse to multiple potentially conflicting asynchronous requests [WG99a, WG99b]. 

No sequence of preordained steps, or even a series of in​te​ractions, can model the multiple-stream encounters be​tween multi-interacting evolved agents and their environ​ments. By creating, concurrently fitness testing, and prun​ing suc​cessive generations of candidate programs, an evolu​tion​ary program​ming envi​ronment is carrying out a process anal​​o​gous to what distinguishes multi-stream from sequen​tial interaction. It is more powerful for a manager to add to, remove from, and otherwise reorganize a work group than to simply assign tasks to the group. Likewise, an evolu​tion​ary-programming process makes use of higher functions than a programmer, using modules that generate and test code automatically, rather than doing it directly.

Research in various fields of EC has described multi-agent interaction, from embodied evo​lution using robotics to modeling social structures, eco​nomic phenomena, and mi​​l​itary situations, as survey articles have noted [BH97]. [Min86] points out that the mind also represents multi-agent interaction; in the “society of mind”, the “think​ing” that occurs is really interactive neuronal behavior. The study of intelligent sys​tems implies the study of multi-stream interaction.

7 Conclusion

Building intelligent systems has been an important goal in the evolutionary computing community. The history of the endeavor to create intelligence has had its failures, to be expected of some​thing so ambitious. One of them was the Japanese-sponsored Fifth Generation Computing project, aimed at using logic programming to implement artificial intel​ligence. The failure of this project can be attributed to the limits of the context of closed systems and first-order logic, within which is was founded [Weg99].

Algorith​mic computing confined within the limits of Turing ma​chines is not expressive enough for the problem of intelligence. But natural evolution has solved this prob​lem of intel​li​gence, with humans as the existence proof.  This is an encouragement to attempt to build artificial intel​li​gence using systems that are inter​active and evolu​tionary in character. Interactive systems can overcome the limits of the algorithmic approaches.

EC merges several hitherto disparate areas, such as gen​etic algo​rithms and evolutionary program​ming. Much work re​mains to be done to establish it as a unified field of re​search with a common foundation [BH97], akin to what has happened in AI with its recent focus on rational agents [RN95]. The paradigm shifts toward evolution and toward interaction can strengthen each other. We believe that a per​spective that focuses on the interac​tions found in evolu​tion​ary computation can contribute signifi​cant​ly to estab​lish​ing the unified foundations of this field. 
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