1A DESIGN FRAMEWORK FOR SOCIETIES OF AUTONOMOUSROBOTSElpida S. TzafestasLAFORIA-IBPUniversit� Pierre et Marie Curie4, Place Jussieu75252 Paris Cedex 05FRANCEbrensham@laforia.ibp.frAbstractThis paper describes work on design principles for autonomous robots societies. The designproblem is formulated as a decision problem where an optimisation formula is applied to a set of designcriteria, each one being an evaluation of input task specifications across design alternatives. A three-level-nested cellular architecture for autonomous robots that decouples action from reflex as well as fromarbitration is briefly exposed and the experimentation and evaluation context necessary for designparameters identification presented. Investigations on an exploration task reveal that the design knowledgesought should be of statistical nature and two identified design/control parameters are found to be theadaptation mechanism and the time. Those observations, together with the introduced concept ofoperational cycles, trigger a discussion on the overall design problem, where a unified model of recursiveself-regulation is proposed and the suitability of the cellular architecture for it is underlined.1. IntroductionThis paper describes work on design principles for autonomous robots societies.The long-term goal of the project is to automate the design process. To this end, variousneeds have been identified:Defining the design framework. What product do we expect design to yield? Whatare the principles on which design is based? In the next section, the design problem isformulated as a decision problem where an optimisation formula is applied to a set ofdesign criteria, each one being an evaluation of input task specifications across designalternatives, i.e. robot specifications. The design problem is thus split into a principle anda model or knowledge subproblem: The first is that of translating input task specificationsinto design criteria and combining them to a global metric that will be used foroptimisation, i.e. for choice of the best design alternative. The second is that of definingeach criterion as a function of the possible output robot specifications in question. Adescription of the structure proposed as a solution to the first subproblem and which is tobe filled with experimental or other data is also given. The application domain chosen isthe field coverage tasks domain which has the properties of including instances ofvariable task complexity, as well as of imposing explicit performance metrics.With the above in mind, one then needs to adopt a robot control system architecturethat lends itself to specification construction as well as parameter instanciation, whiledemonstrating a degree of extensibility. Among the existing robotic control systemarchitectures, there is hardly anyone that doesn’t claim extensibility. The issue ofarchitectural extensibility and its relation to arbitration schemes is treated in (Tzafestas1994b). However, there has been so far little concern on specification construction andparameter instanciation. So, in section 3, a cellular control architecture is presented which

2is claimed to fulfill all these requirements and hence enable massive experimentation fordifferent parameter settings, which are in turn the design alternatives. Its main tenet is thatof decoupling action from reflex as well as from arbitration. The relation of the proposedarchitecture to neighbouring approaches, mainly subsumption and connectionism, is alsobriefly sketched.Next, one needs to define the experimentation and evaluation context. In section 4,the context corresponding to the field coverage problems is exposed and a simulationenvironment that was built as a vehicle for those experimentations described. Emphasis isagain put on the definition and use of specifications rather than complete descriptions ofthe robots’ control system, as well as on the necessity of an adequate observationmechanism.In section 5, some results on a set of examples drawn from the well-known spaceexploration paradigm are presented. Those results suggest that the kind of knowledge weare seeking is of statistical nature and concerns the individual or combined effects ofcertain parameters. Two such parameters identified are the adaptation mechanism and thetime. The explicit use of time as a design/control parameter also suggests that to control asociety, we need to identify its proper operational cycles.The above trigger a discussion on the overall design problem: The idea to optimiseis found to be spurious and the concept of bounded optimality arises which in turn leadsto asking for a unified design principle and model. Self-regulation is then proposed as thephenomenal law at every level of a robotic society and it is argued that a closedmotivational space for individual robots is necessary to support such a law in the microlevel. At last, in section 7, conclusions are drawn and future perspectives mentioned.2. Toward autonomous robots societies design automationResearch in autonomous robots societies is in an intermediate stage between initialenthusiasm and systematisation. It has been shown that putting multiple autonomous, i.e.unsupervised, robots together can lead to astounding global results and performance (seefor instance, Mataric 1992a) and the power of the approach has been attributed not to theindividual robots possibilities, but to the versatility of robot-robot and robot-worldinteractions (Brooks 1991a).The work underway precisely attempts to identify a set of principles forsystematising and, in the future, automating the design of societies of autonomous robotsand focuses mainly on individuals’ local structures and capabilities (which, of course,account for any phenomena observed). In an attempt to proceed in both directions, top-down and bottom-up, from population tasks to individual robots and vice versa, a top-down decomposition strategy drawn from industrial contexts was adopted (Tzafestas1991)1. Design process is the process that stands between input of generalisedperformance specifications and output of actual product specifications. For ourautonomous robots society design purposes, product specifications are the number, typesand individual specifications of robots (sets of parameter-value pairs), while generalisedperformance requirements are all requirements on the society’s functionality andstructure, including environmental hypotheses, cost limits etc.The structure of the input specifications is given in fig. 1. Functions and constraintsare requirements that decompose into a set of quantitative criteria. Functions maygenerally decompose further into subfunctions and are different from constraints in that adesigner is committed to the latter ones, while it retains relative freedom for the formerones. The criteria correspond to measures of input specifications satisfaction and are

1 This work built on top of an implicit notion of a design problem space (Goel & Pirolli 1989) byadding structural parameters to the usual functional specification model and defining the latter one as aspecial-purpose hierarchy.

3expressed as functions of the individual robots and the task’s parameters. To design thenmeans to choose such a parameter setting among all possible ones, or from another pointof view to tune the robots parameters to such a set of values that best satisfies thosecriteria. Hence, the design problem splits to two subproblems: one of translating inputspecifications to design criteria and combining them to a global metric which will be usedfor optimisation, and one of defining each criterion as a function of the possible outputspecifications in question. We call the first subproblem the design principle problem andthe second one the design model or design knowledge problem.

Design knowledge

Function 1Function 2Function 3Constraint 1Constraint 2

Criterion F1.1

Criterion F3.1Criterion C2.1Criterion F2.1Criterion F2.2Criterion C1.1Criterion C1.2

Fig. 1 : The design model structure

The optimisation formula used is simply a discrete functional over the set of criteria:U = S wi ui(1)where the weight wi is the degree of importance a designer assigns to the criterion-i andui its utility, i.e. a measure of profit or proximity to its optimal value. For the formula towork, we need also assume thatS wi = 1(2)and0

< ui< 1(3)which gives 0

< U< 1. The designer’s goal is to maximise U. Criteria that belong toconstraints are generally interval expressions and do not participate in (1)2.

2 In (Tzafestas 1991), to each criterion I had associated a measure of importance and a cost and I hadpointed out that "speaking about importance measures makes no sense if one does not consider thecorresponding costs: The higher the importance of a function, the higher the price a designer is ready topay to implement it, while high cost for a low importance function might under certain circumstanceslead to its suppression" (adapted from pages 30-31). However, since I didn’t do any optimisation then, Ididn’t realise the necessity of reasoning in terms of profit (utility) rather than cost. If in (1) and (3) the

4Contrary to what is advocated in (Carle et al. 1994, p. 5), the present method doesnot rely on a top-down distribution of a global evaluation function over the entitiesinvolved, but rather on a bottom-up propagation and synthesis of it out of local criteria.The justification for this method appears in (Tzafestas 1991, pages 34-36). Top-downdistribution can only have the sense of assigning local bounds to the designer’s freedomand these will be overlapping, otherwise there wouldn’t be any need to distribute, in thefirst place! The analysis can therefore solely be based on bottom-up propagation and thispropagation captures the nature of cooperative -or, most usually, conflicting-requirements.The parameters that participate in the criteria are all those quantities that affectperformance, or, better, all those observable quantities that affect performance. Only afew of them will be liable to tuning and hence controllable by the designer.To identify those parameters that are crucial for design, we decided to proceed byperforming massive computer simulations for different parameter settings. The kind ofknowledge we expect to acquire is the effect of individual parameters on globalperformance, as well as the identification of parameter interactions (an example ofinteractive parameters is given in section 6). For this goal of identification, simulationappears to be the only way to quickly and consistently evaluate global performance for avariety of parameter settings. However, attention must be paid as to the portability of thearchitecture on real hardware as well as to the operational assumptions, such asrepresentation of the world by the simulator. We hope that the strong structural characterof the control architecture adopted (see section 3) keeps us away of illusions as far as thebasic capabilities of a robot are concerned, and careful design of the simulationenvironment (see section 4) prevents any operational simplification to mislead us inerroneous evaluation. For instance, identification is a too high-level goal for accuratesensor/actuator operation and hence introduction of noise to become imperative, as in(Harvey et al. 1992).An essential hypothesis behind this line of research is that sole structural parameterscan account for any global behaviour and performance, so that we need to adopt a robotcontrol architecture that allows systematic exploration of structural variants. Morespecifically, while residing in the paradigm of reactive behaviour-based robots (Brooks1986, Arkin 1987), the stance taken is that of a need for classification of structuralcomponents into various types as well as classification of component interactions (seealso section 3), so that the focus of study is the relation between those types and theperformance observed. This also implies we don’t believe in general purposearchitectures, but in architectures amenable to parameterisation, which are suitable forclasses of applications, i.e. for which classes of applications they yield acceptable, or elseadequate, results. We call this the structural stance and in section 5 it is precisely shownhow tuning of certain local parameters in the robots may have drastic impact on globalperformance. Of course, finally, global behaviour is a result of interaction between robotsand the world, so that the researcher’s role is to identify those structures that better fit theworld, i.e. those structures that represent naturally the parameters that are crucial toglobal performance, and this can only be done by identifying the laws of this structuralcoupling (Maturana & Varela 1987, chapter 4) between the robot and the world.The application domain chosen for this work is the field coverage tasks domain,i.e. the domain of robotic tasks that presume maximal spatial coverage as the goal of therobotic society. The justification of this choice is twofold: First, maximal spatial coverageis a desirable property of a large variety of tasks, such as exploration and its variants(sweeping, sampling etc.). This view of tasks is also expected to allow us to naturally ui’s represent costs (ci), we arrive at optimising by minimising U -which now expresses total cost- whileusing exactly the same knowledge. However, using the costs, the above relation between cost and degreeof importance is nowhere represented. On the contrary, defining ui as profits and using (1)-(3) biasesselection of alternatives with high wi and ui, favouring therefore functions of high importance.

5proceed to more knowledgeable tasks in the industrial and services domain, likesupervision and inspection, which on top of exploration add some extra requirements onprescribed activities and unexpected events servicing. And second, there is a way toevaluate the spatial coverage by observing the actual portion of the environment coveredduring a simulation, and this is a clear numeric performance metric, which in combinationwith other metrics may be used to compare different parameter settings for the roboticsociety.Finally, formulating the design problem as above, implies that the designer’s role-that of specifying a society of robots for a task at hand- is in fact to predict to a degreethe robots’ interactions with each other and with the world so as to assure the successfulcompletion of the task. His problem then may be seen as a control problem: How tocontrol the robotic society, so that its operation converges to the desired result. Clearly,since the exact structure of the world is not known in advance, this is an ill-definedproblem, so that the approach taken by the researchers is to equip the robots with anadaptation mechanism that will make them more responsive and more fit to theenvironment they find themselves in. Hence the design problem translates to: How toequip properly the robots so that they interact with the world in a way which will makethem converge to the desired result, or what adaptation mechanisms should be providedso that the desired result is assured for the class of worlds under consideration. Thedesign problem then becomes that of controlling adaptation of robots, i.e. adaptation isthe main design parameter -or better, control parameter- at hand, where, given thestructural stance taken above, adaptation stands for the self-tuning of oneself’sparameters according to the feedback from the world. Some representative examples maybe found in section 5.3. A cellular robot control architectureWith the above in mind, one then has to decide on a robot control systemarchitecture that will enable extensive experimentation and exploration of the parameterspace. An initial choice was to remain in the reactive, behaviour-based paradigm whichwas shown (Brooks 1991a) to have many desirable properties: no central worldrepresentation bottlenecks, minimisation of time lags between perception and actuatorlevel command output, fault-tolerance and low implementation cost. In one word, thepower of the behaviour-based paradigm lies in its simplicity. It is left to the interactionwith the world to give rise to complex phenomena, and it is this potential emergentcomplexity that researchers in this area try to tame and exploit.To allow massive experimentation, as was set forth before, one has to find a meansof systematisation of study. Given the structural stance taken as well as the designframework adopted, the architecture then needs to fulfill the following requirements:1) Extensibility. One needs to be able to easily add new structural possibilities,either components or connections, and study their individual impact as well as theirinteractions.2) Specification construction possibility. One needs to be able to define aone-to-one relation between an instance of the architecture and a specification. Duringdesign it is the specification that will be manipulated, so that it must be ensured that thisspecification induces no ambiguity on the actual structure of the robot’s control system.3) Parameter instanciation possibility. Finally, one needs to explicitlydefine the parameters that constitute this specification and whose impact one intends tostudy. Admittedly, not all of these parameters will be of interest in different contexts. Thegoal of the comparative study is then to discover those that actually play a role andtranslate this role into what was previously defined as the design model.The architecture that was developed and which tries to overcome certain limitationsof previous approaches, while fulfilling all of the above requirements is a cellular control

6architecture. Its main points are summarised here, while a more complete description canbe found in (Tzafestas 1994a):1) The cell is the elementary unit of storage and processing. A cell represents andcorresponds to a piece of hardware capable of some minimal storage and processing. Ithas a number of input connection lines, a number of output connection lines, a static ordynamic memory vector and a processing unit. Cells are therefore structural primitivesdifferentiated by design or by evolution in a specific context and represent a uniformsubstrate for building complex aggregates. Inter-cell connections have a control and adata part. The cell’s complexity lies between that of a simulated neuron and an augmentedfinite state machine. Cells also possess an internal execution time which may or may notbe controllable by the designer. The use of this internal time as a control parameter isshown in section 5.2) Cells are categorised into functionally different types. There are three types ofcells, sensor cells, actuator cells and processing cells. Sensor and actuator cells areresponsible for primitive sensing or effector operations, respectively. Processing cellscategories include: min, max and find-a-stimulus cells (that output respectively thelowest, highest or just the first non-zero input), time-out cells and priority cells (whoseinputs are considered as statically or dynamically ordered and that output the highestpriority input). There are also three special processing cell types: decoders, arousal cellsand observer cells, whose roles are explained below. This conception of the cell differsradically from the ones found in cellular robotic systems (Wang 1990), where robotssituated in space are regarded as cells and there is no adaptation mechanism, and indynamic reconfigurable robotic systems (Fukuda & Kawauchi 1991), where cells have acomplex internal structure and some communication capability, but there is no notion oforganisation of intelligence, i.e. of the control system.

Sensor systemProcessing systemActuator command system

Task

CellFig. 2 : The cell network

73) To manage complexity, the cell network has a three level nested structure (seefig. 2). Cells are clustered to cell aggregates and aggregates are clustered to tasks (whichcorrespond to what is generally called behaviours). Cell aggregates belong to one of fourtypes: sensor systems, actuator command systems, processing systems and arousalsystems. Sensor systems consist of a number of logically correlated not interconnectedsensor cells and may be dedicated to specific tasks or shared. Actuator command systemsare shared and their general structure is shown in fig. 3. The decoder cell combines inputfrom tasks with input from reflex sensors and outputs the executable command to thecorresponding actuator. In general, this command may take one of several values, so thatthe decoder need only make sure it isn’t in conflict with any of the reflex inputs, whichrepresent forbidden command values. Although the above is more a representation than aprecise description of how reflexes work, it offers the advantage of decoupling actionfrom reflex, i.e. of decoupling commands issued by the high-level tasks from low-level reflex commands. This is contrary to the other behavioural approaches found in theliterature (see, for example, Brooks 1986 and Arkin 1987) and has as a directconsequence the dismissal of the need to subsume reflex level commands and hence tocomplexify the interfaces between components (here tasks). What is actually done in caseof conflict between commanded action and reflex is open to the designer. For the case ofnavigation, we assumed that another valid command is chosen -if there exists one- whichcorresponds to robots being biased toward navigation. An alternative would be to standstill (do nothing) in case of conflict.Finally, to every task is associated an arousal system, whose role is to activate itwhen fired (see point 4 below).

Actuator command system

Decoder cellActuator cellNormal inputTask inputCommand inputReflex sensor cellFig. 3 : An actuator command system

A task thus consists of an arousal system, processing systems and dedicated sensorsystems (if any). Processing systems are connected to sensor systems or otherprocessing systems as input and actuator command systems as output. Tasks at this levelshould not be confused with society tasks (such as exploration). The same term wasprecisely used to underline that what is sought is the relation between individual tasks andsociety tasks. Finally, it should be stressed that the cell level is the one and onlyexecution level, while the aggregate and task levels are used solely forobservation/evaluation and design purposes. For an application domain considered, thetypes of usually encountered tasks must be identified: in section 5, and for the case of

8exploration, dispersion, foraging and homing are used as the main building blocks out ofwhich several structural variants are defined.4) Arbitration is based on the principle of activation/inhibition. Each time oneparticular task arises, it temporarily inhibits all the tasks connected to same actuatorcommand systems as itself, so that an actuator command system receives only one non-zero task command at a time. As a result of the above, there is no explicit arbitration, butrather the overall behaviour of the robot is one of switching between tasks (activities) inresponse to the world it finds itself in. The arousal system structure is shown in fig. 4and comprises an arousal cell and several observer cells. The arousal cell is a thresholdedcell that fires whenever its activation level rises above an activation threshold. Wheneverthis happens the arousal cell sends inhibition signals to the mutually exclusive tasks.Total activation in the robot is constant and it flows from task to task in a mannerindicated by observer cells whose role is solely to detect input presence. Presently usedobserver cells are either time-out cells or counter cells. Some provision has been taken forfuture integration of arousal systems whose activation is locally computed andindependent of activation flow. The above scheme implies no interface between tasks,other than the flow of activation, which is nothing else, but a measure of the robot’smotivation to perform a given task. Inter-task information fusion is thus minimal andoccurs in the actuator command level. As a result and contrary to all previous approaches,arousal (selection equivalent) of a task is represented separately and does not interferewith the actual sensing and processing local to the task.

Observer cellArousal cell

Normal inputObserver inputActivation/inhi-bition pathwayFig. 4 : An arousal system

5) Adaptation occurs by local reinforcement or replacement at the cell level. Theway the network is structured, adaptation may only occur at the cell level, though itseffects will be indirectly observable at the task and at the robot’s observer level. Inprinciple, the whole internal memory vector of a cell is adaptable, either as a whole or inparts, through blind or informed reinforcement (term used to denote both increase ordecrease of a value) or replacement (with a computed value, usually the cell’s newoutput). Adaptation within the processing systems of a given task usually results in"smoother" individual task performance, while adaptation within a task’s arousal systemusually leads to more complex observable phenomena as far as the overall performance of

9the robot is concerned. We call these two kinds of adaptation, local adaptation andconnection adaptation, respectively, and they correspond to adaptive action and adaptiveselection of action. An illustrative example is presented in section 5.DiscussionThe cellular approach to autonomous robot control systems was adopted as a morenaturally structured descendant of existing behavioural control architectures (subsumptionand variants) that suffered from unprincipled design of both individual layers and inter-layer interfaces. The idea is to dispose of a repertoire of primitive components (cells) andcombine them in a proper way to build higher-level structures. This splits the probleminto asking what is a basic set of primitive components and how are higher-levelstructures built out of them and is obviously in line with the non-conventionalconnectionism research directions of modularisation and compositionality(Chandrasekaran et al. 1988).On the connectionist side now, it should be first understood that each cell is a pointof uniform processing of inputs (every time some inputs need to be given special care, anew cell is added to the network). The decoders and the arousal cells are the exceptions tothis rule: they correspond to the points where cyclicity appears in the cell network, theactivities (tasks) structure being otherwise acyclic. Given this principle, it becomesobvious that a cellular structure is just a typed connectionist one, where the use of higher-level primitives (min, max etc.) than the ones presumed in traditional connectionistresearch, permits to preserve clarity of specification and analysis for given tasks, whileconsiderably pruning structural complexity. The examples presented in section 5 showthat the structure of each task reproduces a layered reactive algorithm, so that theorganisation of the control system may thus be seen as a set of layered activitiescombined with each other in a connectionist way through activation/inhibition pathways.As explained before, decoupling of the reflexes from these activities, together with thefeed-forward activity structure, dismiss the need to subsume layers inside a task;otherwise, the function of a task is equivalent to that of a subsumption chain.All this being said, it appears that the interest of this architecture resides both in itsstrong structural character which allows the former design framework to apply, as well asin the fact of being inherently connectionist, which permits questions on adequation ofactivation and adaptation mechanisms to be raised. The extensibility issue is treated morein depth in (Tzafestas 1994b) where it is argued that compositional extensibility, asopposed to incremental, is what is necessary and that this fits better the designer’sviewpoint of modelling the multiple laws of interaction between components instead ofrelying on potentially useful synergies.Finally, and as far as specification and parameterisation are concerned, it is obviousthat the control system of a robot can be completely specified by giving the types andspecifications of all its components. In turn, each component is recursively specified inthe same way, until the cell level which is by definition the lowest one is reached. Anexample task and its specification are shown in figure 6. The specifications have then thesame structure as the components they correspond to, what forces the designer to onlyconsider real structural parameters without falling into the trap of functional parametersnot really present in the control system. Of course, since not all parameters are interestingfor experimentation or design, the specifications usually considered are a reduced form ofthe complete specifications, as shown in figure 6 where actually only a few parametersfor the foraging task are considered.

104. The experimentation and evaluation contextTo conduct those massive experiments prescribed, a simulation environment3 wasbuilt that takes into account the concern for simulating structures’ operation rather thanobservable functionality.The main hypothesis of the experimentation context was that the world is arepository of agents, objects and signals, whose evolution in time may be observed.- Agents are all those entities that are engaged in some sort of activity and mayrespond to changes in their immediate environment4. Agents are thus different fromobjects in that they are dynamic or mobile or both. Simulated robots are represented asagents. Other agents present may include uncontrollable agents whose behaviour must betaken into account, but on which the designer/observer has no influence. This could befor instance the case of circulating vehicles among which a garage supervisor robot has tonavigate. Agents may be simple or composite. Robots are in fact composite agents. Thecellular architecture’s three-level structure is reflected in the corresponding descriptionlanguage: robots are represented as agents that consist of sensor systems, tasks andactuator command systems, each task is represented as an agent that consists of anarousal system, dedicated sensor systems and processing systems and so on. Finally, theenvironment allows for cohabitation of different types of agents.- Objects are static and passive and may be directly accessed by agents. Obstaclesand sources of mineral are typical examples of objects in the exploration example.- Finally, signals are "immaterial" objects. They may be perceived just like objectsbut they are not situated, that is they don’t occupy any physical space.This hypothesis implies there is no special provision for communication. In reality,communication is achieved by emission and perception of signals in the world. Thisconstitutes a unified framework of perception and communication, as is also the usualapproach in literature. An example from exploration again is the orientation signal a spacebase may emit for the explorer robots to perceive and home back to it.The world is represented in the simulation environment as a closed, two-dimensional discrete grid5, which is the most commonly encountered worldrepresentation (see, for example, Tyrrell 1993).Time management, which is an aspect that never appears on simulationenvironments description, is based on a time-slice technique with some additionalmemory: each agent has an internal clock which represents the duration of its current

3 The simulation environment was developed in Smalltalk-80, version 4.1, on a SUN workstation. Inretrospect, however, it seems to me that Smalltalk-80, despite being a powerful representation languagewith a rich library of general-purpose classes and graphical interfaces development facilities, lacks all theprocessing power necessary for principled experimentation. Indeed, I haven’t been able to quantify some ofthe experiments described in section 5 due to this limitation.4 An agent is an agent because an observer may attribute some intention to it.5 Using a discrete simulated world, however, gives rise to some artificial phenomena, in the sense thatthey wouldn’t appear in their real world counterparts. For instance, I sometimes observe my simulatedrobots loop within a few places in the grid as a result of artificial synchronisation. In the real world,nothing is exactly accurate, so that I wouldn’t care about loops. On the other hand, continuous spacewould only be represented by the simulator as a variable scale grid, and, as was demonstrated by a sampleexperiment I conducted, this would again lead to potential for artificial synchronisation, but this time in amuch larger scale. Finally, I decided not to add explicit noise to get around this problem, because for thekind of knowledge I am seeking (see sections 5 and 6) this is not important and because whenever I did itthe variance of some results could rise to an order of magnitude above the variance without noise, whichmeans that those results couldn’t be reliably evaluated.

11"action". Every time this duration expires the agent executes. This technique is called thetime-triggered execution technique, since it assumes that each agent is triggered by theelapse of time. Actually, each agent is triggered by what are defined as its inputs (forinstance, a processing cell is triggered by the presence of valid signals in its input lines),so that this mechanism is an artificial representation of the time lag between data input andaction output at the single agent level. The advantage of using this technique rather than ausual synchronous or pseudo-synchronous round-robin is then that it allowsasynchronicity between the variable time-length actions of different agents whilerepresenting naturally the flow of signals from sensors to actuators.Evaluation of a design alternative involves inspection of several aspects of thesimulated world’s state. To be able to evaluate once those aspects are identified, anobservation mechanism was introduced. A number of special objects, called observers,are attached to all those entities (for instance agents) that are to be observed and operate asparasites during simulation. Once the simulation is over, the states of all observers areinterpreted and collected to a statistics record of the simulation. Clearly, this constitutesan advantage of the simulation environment over real hardware robots: we can evaluateand we can do it without modifying neither the robots program nor the world, whatwould risk to bias the results obtained6. Furthermore, introducing an explicit observationmechanism forces a user to formalise the conditions of interest7. This would alsoconstitute an adequacy criterion for an observation mechanism: whether it allows toformalise the conditions of interest and represent the results in a straightforward, easy tointerpret way.Finally, it is important to stress again the use of specifications, this time at all levelsof the definition of what is a simulation to be performed. Namely, a simulation is runafter being initialised on a set of specifications, for the world, the agents and theobservers, respectively. The results obtained are then directly associated with thespecifications to which they correspond. Specification and observation thus allow forautomation of the experimentation process. For the environment user, specifications alsoimply a constrained freedom of intervention: in fact, a user wishing to intervene on anagent’s operation, can only modify it through its specifications, which is equivalent tomodifying its control system, or its program, while there is no possibility to modify theactual data it uses. As was pointed out in section 3, it is the role of reflexes to abort froman action whenever that data changes abnormally (for instance, when the user moves arobot to another place in the simulated world), and it is the role of the designer to equipan agent/robot with the appropriate reflexes, in terms of functionality and real-timeperformance, that will allow it to survive to such abnormalities.5. Investigations on an example task : Space explorationOne application falling into the category of field-coverage tasks is spaceexploration. A number of robots are assumed to land on a region and be left to explore it.The robots operation consists of three phases: dispersion phase, foraging phase andhoming phase. During the first phase robots disperse away from the space base and fromeach other, while during the second phase, which was named after its ethologicalcounterpart, they actually explore by searching for what they are supposed to identify,sources of various minerals in our case. Finally, during homing they return to the spacebase, following an orientation signal emitted by it. It is supposed that during dispersionthe robots navigate at relatively high speed with their mineral sensors off to save energy

6 For example, Connell, in order to evaluate without biasing, had to video-tape the arm in action andthen manually plot trajectories during slow-speed playback (Connell 1990, p. 73).7 For instance, (McLennan & Burghardt 1994) measured cooperative communication in their simulatedworld as rates of successful actions that exceeded those expected by chance.

12and avoid distraction, while during foraging they navigate at slower speed and areresponsive to those sensors’ data. This is why, in this example, the dispersion phase hasbeen defined as distinct from foraging phase. Homeostatic tasks have also beenintroduced and are described in (Tzafestas 1994b).

(1)(2)(3)(4)(5)(6)(1) Robot perception system(2) Dispersion(3) Foraging(4) Homing(5) Navigation system(6) Loading systemFig. 5 : The structure of the network for the basic explorer robot

Network complexity. The cell network for an explorer robot without anyhomeostatic tasks has the structure shown in fig. 5 and comprises 37 cells, out of which11 are sensor cells and another 5 are reflex sensor cells (they are distinct in that, inprinciple, normal sensor cells are allowed to be turned on/off). The actual processing partof the tasks is structurally fairly simple (see figures 6 and 7). This is due to the fact thatthe cellular architecture as defined has the potential to represent such parallel reactivealgorithms in a fairly natural way. Take, for instance, the foraging task. As can bededuced from its structure (fig. 6), the local presence of a source of interest takesprecedence over the distant perception of it (in the figure, four directions of limitedperception are assumed), so that the usual problem of arbitration between"consummatory" and "appetitive" actions (which are the ethological counterparts of localand distant-perception-oriented actions) disappears! Indeed, the relation between suchactions is naturally represented in the network itself, which also suggests that thisdistribution of the overall exploration task into individual activities uses a "good"behavioural grain of activity -good in the sense that it minimises complexity of thenetwork structure as well as of the arbitration mechanism. This is also a consequence ofthe type and quantity of the sensors used. It was early identified in behaviour-basedrobotics research (Flynn & Brooks 1989) that the hard thing to build is sensors. Whetheron real robots or on simulations, we are all debugging sensors all the time8.What design knowledge? As was decomposed the exploration problem,dispersion should take into account two parameters: the robot sensors capacity (i.e. theirrange of detection) and the size of the region each robot is supposed to cover, given thatthe society’s role is defined as exploring a region within a certain radius from the base. In

8 Oddly enough, though, (Kube & Zhang 1994) employ too few sensors and too many behaviours ofdifferent grains of complexity, what leads them to tackle the control problem as a pattern classificationone and adopt an adaptive logic network (ALN) as the behaviour arbitration component.

13fact, for our design purpose, what interests us is to find a general dispersion algorithm,or, at least, a parameterisable dispersion algorithm, that would give a good repartition ofthe robots in space as the radius of interest varies. Then, letting each robot forage locally,without any interference with other robots would accomplish the task. An assumptionbehind this line of work, is that exploration is in fact a domain where robots are supposedto be very sparse in space, and where their designer is interested in exploring bigger andbigger regions with the same population of robots, what would eventually lead him toturn to considering low spatial densities of robots. By inspecting the simulation of thisalgorithm, it was precisely found that the dispersion algorithm adopted (shown in fig. 7and drawn from Mataric 1992b) worked well in the case of a small world, where therange of robot sensors was greater than their predicted radius of work region, whichtranslates to density of robots being relatively high. For lower densities, there was noassured convergence on a good spatial repartition. This constitutes a first indicationtoward searching for a statistical design model, where parameters are not absolute values,but relative measures, such as densities.

122334567

1234567Local target sensorRange target sensorSumming cellFind a stimulus cellMax cellWander cellPriority cellForaging specification : Sensors target type : Mineral Sensors range : 3 Wander period : 10

Fig. 6 : The foraging task’s structure and specification

A second feature of this dispersion algorithm is that it suffices to replace a singleprocessing cell to transform it to a flocking algorithm: replacing the min_cell by amax_cell actually makes the robots get closer to each other instead of trying to escapefrom each other. Similar observations were presented in (Braitenberg 1984).On the globality of sensors. It is generally known that successful completionof a task necessitates a proper balance of global and local sensors (for some directionstoward formalisation of this issue see Parker 1993). Now, let us look in the homing task.Initial setup for homing assumed a single local signal sensor mounted on each robot

14which would detect the orientation signal emitted by the space base whenever it needed tohome back to it. Short after, it was seen that, to save energy, one could define thisemission to be periodic. Inspection of the simulation in this case revealed that while fordistant robots this sensor sufficed, whenever the robot approached the base it ran the riskof oscillating due to the short period of emission. Several trials of various periods ofemission showed this period needed to be relatively large compared to interval betweensuccessive emissions, and yet this didn’t assure convergence in the case of robots whosetime constants where of the same order as the emission interval. This all seemed toocomplicated a way to tune the homing task, so we decided to add a more global sensorthat would detect the base whenever close enough and whose output would takeprecedence over the signal sensor’s one. As was expected, introduction of this sensorsolved the problem. Closer examination, however, reveals that this second, range sensor,is by no means more global than the initial signal sensor, albeit of a broader perceptionrange. Indeed, it is the signal sensor that provides absolute orientation information for thebase, while the range sensor provides only local relative information. The misleadingpoint was that a global sensor is a sensor of broad range. This is not true. A globalsensor is a sensor that provides global information. Doing this by sensing only in a shortrange constitutes additional profit ("What robotics needs is simple sensing that conveyscomplex ideas", (Miller 1994), p. 53). This kind of secondary sensing appears tosimplify the design of task networks -in the absence of a signal sensor in the above case,the processing part of the homing task would have had the form of a random walkaugmented with various map-building and map-updating capabilities, clearly far morecomplex than the present 5-cell implementation (two cells for the sensors, two forreceiving the sensors outputs and one for the priority cell). The drawback of secondarysensing remains, however, the need for the designer to set up the robots’ world in a waythat makes (secondary) sensing possible -in the above example, find a way to make thebase transmit a simple orientation signal all over the desirable exploration area.

123Input from robot perception system

123Min cellWander cellPriority cellFig. 7 : The dispersion task

Adaptation as a control parameter. What would it mean for a dispersion taskto be adaptive, or, how could "moving away from objects" be adaptive? The only visibleanswer is to move away more selectively, that is, only when there are really too manyobjects round. Implementing this on the dispersion network involves changing thesensitivity of the min_cell to its inputs. In fact, it suffices to add an internal variablewhich serves as a threshold below which the min_cell is not responsive to its inputs. Thedefault min_cell then corresponds to this threshold being implicitly set to 0. Adapting thissensitivity factor through blind reinforcement, i.e. become less sensitive to the presenceof other objects, leads the robot to gradually slow down escape, so that what appears

15eventually as a good repartition in space (i.e. a steady state) will be more robust toperturbations, such as repeated unexpected encounters with other objects. Decreasingsensitivity, hence, corresponds to increasing inertia of the dispersion task, or elsestabilising the dispersion’s performance. Again, these are only true in the case of a highlypopulated space (perhaps because, after all, in a sparse world, dispersion is not a goodidea). The preceding analysis also constitutes an argument to the proposition that, foradaptation to be feasible, we need some kind of explicit representation of what there is tobe adapted, although this shouldn’t be confused with the traditional AI central andsymbolic representations (Brooks 1991a).Now, consider adaptation of the arousal system of the dispersion task. At first,having an observer cell that triggers timely flow of activation to another task will causedispersion to gradually lose activation up to a point where this other task will arouse. Saythat this other task is foraging and that it, too, has in its arousal system an observer cellthat triggers timely flow of activation back to dispersion. As a result, the robot will beswitching between dispersion and foraging. Adapting one or both of the tasks’ arousalsystems by reinforcement of the flow quanta will result in variation of switches betweendispersion and foraging. Using informed reinforcement (e.g. by connecting a counterobserver cell to the dispersion’s min_cell) will in turn force the robot to switch betweenthe two tasks in a certain way (preset by the designer, e.g. in the previous case tominimise encounters with other robots and hence maximise spatial coverage): the robotwill then appear as tailoring and regulating its own activation state (which, remember, is apicture of its motivations) according to the external conditions. Connection adaptation istherefore the means to stabilise jointly the two tasks’ performance.These observations lend support to the hypothesis that local and connectionadaptation may be used, respectively, as control directions toward individual andcooperative stability of activities.Controlling time. Another set of simulations concerned the wander period of theforaging task (similar observations apply to the dispersion task, as well). Examination ofvarious wander time-outs revealed that this parameter is of importance only when thespatial density of sources of interest is relatively low, in which case a low time-out doesnot allow the explorer robot to travel long distances in a certain direction and hencediscover remote sources. In high-density environments, however, the value of thewander time-out does not play a significant role, since encounters of sources are muchmore frequent than in the previous case. To reduce these observations down to a morestatistical criterion as before, whenever the average distance between two sources ofinterest is substantially greater than the range of perception (which translates to lowdensity of sources of interest), the average distance of continuous travel in a directionshould be long enough for exploration to be efficient, otherwise perception alonesuffices. More important yet, this nearly optimal value for the time-out does not need anytuning; it is a task invariant ! And a task invariant that does not define an isolatedperformance peak, but a wide nearly-optimal performance plateau : performance degradesvisibly only when the value of the wander time-out becomes substantially greater orsmaller than its nearly-optimal value, where "substantially" denotes change of order ofmagnitude. This analysis suggests that, once the time-out parameter’s laws of interactionwith the other parameters are understood, it may be used for controlling the wholepopulation’s performance, or, equivalently, it may be used as a true control parameter.The above experiments demonstrated that reactive algorithms can be easilyimplemented on the cellular control architecture and this in an incremental andparameterisable way. Time and adaptation may be used as active, indirect controlparameters for robotic tasks, that act as entry points to the statistical model. Indirection ofcontrol means that the controlled parameters have no straightforward relationship with thefinal result (for instance, in the previous case of foraging, the wander time-out does notcorrelate directly with the spatial coverage value), so that this may be viewed as anemergent control strategy. While adaptation was expected to be a control parameter (seesection 2), it is not at first glance clear why it should be so for the time, too. The answer

16appears to be that time is "the last resort to survival" (Tokoro 1993, p. 6). Indeed, somealgorithms are so primitive that this is the only intervention possibility (as is the case withforaging). Furthermore, such a low-level control parameter has a drastic impact onperformance: around its near-optimal value, nothing else counts (e.g. adapting thesensitivity of the foraging’s max cell won’t do much in a poor world, where only optimaltime-out counts). These also suggest that we need to introduce an additional concept forcontrol, the operational cycle. Intuitively, an operational cycle corresponds to a certainactivity delimited in time and space. A series of such activities exhibiting the samedelimitation property is an operational cycle of a higher level. The foraging task’soperational cycle is the maximum value between continuous period of wander andcontinuous period of attraction by a source of interest. The joint foraging and dispersionoperational cycle is the period between successive starts of foraging (or dispersion)separated by a period of dispersion (foraging) - this joint operational cycle only makessense in the case of a highly populated world, as explained before. Designing a wholesociety for a given task can be best done if one knows or identifies the necessaryoperational cycles because they translate into local structural parameters of the robots.This, in turn, reduces to knowing in advance the important features of the task (forexample, having an estimate of the sources density) or, instead, learning them (we couldimagine another set of observer cells counting and averaging intervals betweensuccessively encountered sources and continuously updating the wander’s time-out).These by no means imply that a robot or a society can only operate within those cycles:they imply instead that they then operate almost optimally, i.e. within controllable limits.By bounding performance within limits, the concept of operational cycle also constitutesa basis for indirect inversion of the design problem to an exploration one: Given theobserved performance of the society, what was the actual shape of the world? Aformalisation of the operational cycle might permit to tackle questions like this one.6. General discussion : Design as a recursive self-regulation problemFor the case of exploration, the instanciation of the model of fig. 1 may be asfollows:Function 1: Task completionCriterion 1: Coverageucoverage = coverage % / 100.Criterion 2: Overlappinguoverlapping = 1 / overlapping (average of visits-per-place)Function 2: Task-independent operationCriterion 1: Timeutime = tmin / tCriterion 2: Energyuenergy = (emax - e) / (emax - emin)Criterion 3: Implementation costuimplementation_cost = (cmax - c) / (cmax - cmin)Constraint: Cost limitCriterion: c

< climit

17The min and max indices imply min and max values over the whole range of designalternatives9.Up to this point, the design problem has been formulated as a decision one10. Anumber of interesting observations may be drawn: First, the design process, i.e. theprocess of deciding on an alternative, relies on the criteria rather than on the alternativesthemselves. Analysis of the individual criteria might not convey any useful informationon the relative value of alternatives and the weight assignment procedure will tend tobecome intuitive in order to implicitly direct the design/decision process toward a solutionwhich is "felt" right11. Second, this hierarchical decomposition occults some valuableinformation: the inter-relation between criteria and the continuity of alternatives. Indeed,in the above structure, it is clear for instance that coverage and overlapping are conflictingcriteria (an alternative which results in greater coverage is expected to raise theoverlapping penalty). On the other hand, and as far as the alternatives are concerned, itwas shown above in the case of time control that one does not need to consider everysingle value for the timeout parameter, but rather reason on ranges or classes of suchvalues. Last, but not least, this hierarchical structure does not represent explicitly theparameters that alternatives consist of, so that interactions between such parameters (suchas the connection adaptation parameters of the dispersion and foraging tasks -see section5 above) disappear from the reasoning (design) process12. These all lend support to thehypothesis that either the hierarchical structure of section 2 is all too rigid or theoptimisation formula artificial. We believe it is the second one (and this also makes thestructure to appear rigid).What is design for optimality? The concepts of task invariants andoperational cycles bring us to reconsider the issue of optimality: Actually, we don’tknow what optimality is! We don’t know what is the best course of action to followin a particular situation, because we have incomplete knowledge about situations thatmight arise and about the exact shape of the world we plunge our robots in. What we doknow is that, as was shown, by controlling certain parameters we can bound populationperformance within certain limits (see the performance plateau reached through timecontrol in the previous section). And this is optimal because this is the best we can do -atleast, the best we can do safely and intentionally. The idea of bounded rather than single-peak optimality is also consistent with the presence of interactive parameters. Forexample, it has been shown that to stabilise jointly the performance of two tasks, oneneeds to control the connection adaptation parameters. But then those parameters can onlybe controlled as a whole! A consequence of considering bounded optimality is that nowthe designer’s freedom is enhanced. No longer is the designer constrained to usetraditional hill-climbing and search techniques. More loose, selective parameterexploration might do the job just as well, or even better. (Drogoul & Dubreuil 1993)solved the N-puzzle for N up to 899 at reasonable time using the general-purpose

9 Other variants are possible, for example uimplementation_cost = 1 - (c/climit), if one replaces cmax and cminby climit and 0, respectively -this formula restricts uimplementation_cost to a sub-interval of [0,1].10 I should have expected that. After all, "decisions underlie any action that a problem solver might takein structuring problems, reasoning, allocating resources, displaying information or controlling somephysical activity" (Henrion et al. 1991, p. 65). (L�vine & Pomerol 1993) also argue on the genericity ofdecision support systems and conclude that some class of DSSs are problem solvers. Early AI recognisedthis and departed on the direction of search methods -which was finally wrong, but for other reasons.11 (Pomerol 1993) discusses precisely this need to focus more on alternatives rather than on criteria.12 In (Tzafestas 1991) a DAI-inspired concept of criteria groups was proposed as a basis for solving theproblems of inter-related criteria and interactive parameters through analysis of structural and functionaldependencies. Two criteria are structurally dependent when they refer to the same parameter(s) and arefunctionally dependent when knowledge about the first ones restricts possibilities for the second one andvice versa. Functional dependencies are nothing else but indirect structural dependencies and for thisreason more difficult to analyse.

18distributed search method of eco-problem-solving (Ferber 1989), while classicalcentralised search methods have never solved a 25-puzzle -they have been too busysearching for the optimum13.In turn, bounded optimality, or else adequacy14, has a surprising consequence:Actually, optimisation and alternatives (design model) are not discernible! Not only is thedesign problem ill-structured15, but the boundaries between design method and designdata are fluid: The data "include" in a sense all the information about performance, so thatno artificial, top-down optimisation technique (through weights or whatever) needs to beapplied. Instead, a unified model of design process and design data is necessary 16.What would such a unified model be like? The key appears to be again the conceptof the operational cycle: since operational cycles may appear at the individual robot levelas well as at the society level, we need only match the two. Operating within such a cyclemeans self-regulating within certain limits. The designer’s role is then to identify theglobal regulation limits and translate them into individuals’ ones: understanding theexploration task means understanding the necessary cycle between foraging anddispersion in the above example -once this is done, design of the local regulatorymechanism, i.e. of the connection adaptation scheme, is straightforward. Self-regulationshould be the phenomenal law of every level. For more complex tasks, that involve moresophisticated regulation, indirect control through connection adaptation might not besufficient. In this case, one will need to add an explicit control variable whose value willrepresent the corresponding position within the cycle and will change either as a side-effect of the robot’s actions (such as an energy level -you don’t need to update anyrepresentation of it, just measure it!) or explicitly through activity (such as an internalabstract motivation). This means, all one needs is homeostatic tasks at a high-level, eachone regulating its own variable17. Those variables will then appear to an externalobserver as nothing else but the robot’s motivations to perform the corresponding tasks.Since the tasks are homeostatic, they will respond to external perturbations to the states ofthe control variables (from now on called motivations) by tending to bring themselvesback into the proper operation limits. Several points have to be made on this self-regulation framework:

13 As expected, though, the N-puzzle eco-problem-solving implementation is outperformed by special-purpose algorithms for the N-puzzle. The point remains that another general-purpose technique (the eco-problem-solving) outperforms classical search for some classes of problems.14 (Bourgine & Le Moigne 1991) introduce the concept of adequate decision-making building on the workof Herbert Simon.15 (Simon 1973) argued that every problem may be regarded as ill-structured as long as there is extensiveknowledge about it and that this is a reason to believe generic problem solving methods exist. Is thiswhy he wanted satisficing instead of optimal solutions?16 Although artificial intelligence has traditionally separated reasoning from knowledge, serious doubtshave been independently expressed by various researchers in various contexts. Some examples: (Minsky1965) argues that no separation between coding and knowledge structure should be expected and that thecentral argument behind such an erroneous separation would be belief in dualism. (Pitrat 1990) states that"il n’y a pas de diff�rence essentielle entre fait et connaissance; simplement dans chaque situation un sous-ensemble des faits a une certaine permanence qui lui vaut un traitement sp�cial et de s’appeler’connaissance’ " (p. 26). Brooks in two complementary papers (Brooks 1991a, Brooks 1991b) argues thatneither reason nor representation, in the ordinary sense, are necessary for a machine to demonstrate adegree of intelligence. In (AFCET 1994) Roy says that a good decision does not preexist for somebody todiscover but is the product of a constructive process and this implies that decision model and decision dataare not always indistinguishable (p. 4).17 Note how elegant a solution the definition of high-level homeostatic tasks is to the interactiveparameters problem: in fact, what we are interested in and what is modelled is the interaction and not theparameters themselves.

19i) Motivations need not be static but may flow from task to task -this seems to fitwell the activation scheme of the cellular control architecture of section 3 and the kind ofsociety tasks we are interested in. This scheme also differs from Maes’ spreadingactivation scheme (Maes 1989) in two ways: First, total motivation has to be constant forthe distributed activation/inhibition to make sense and, second, the behavioural grainadopted here is coarser than that used by Maes (see, for example, the foraging task)18.(Parker 1992) also uses special motivational behaviours that control the activation ofbehaviour sets. In an unpublished report of mine (July 1992) as well as in (Tzafestas1993) I had advocated too the necessity for special arbitration behaviours. I abandonedthat idea since, for two reasons: First and as explained in (Tzafestas 1994a), thebehavioural grain used in the cell network is coarser than that used by Parker, and largelybased on (Brooks 1990), so that Parker’s behaviours set would be one task in the cellnetwork -in this case, it wouldn’t make any sense to add an extra arbitration task for eachactivity task. Instead, and since the size of the arbitration task is much smaller than that ofthe activity task, it looks natural to include arbitration in the task as a separate aggregate.For the same granularity reason, there is no need for a sensory filter. Second, and moreimportant, the behavioural grain is chosen to be the one that minimises inter-taskconnections: We want tasks to be parts of the cell network relatively densely and carefullyconnected, but connections among tasks have to be quite sparse (Minsky 1991 alsoadvocates such a sparse connection scheme, p. 46). Of course, this scheme wouldintroduce a degree of opacity, but this isn’t necessarily a problem, because Minskysuspects "our societies and hierarchies of subsystems have evolved ways to evade theproblem by arranging for some of our systems to learn to model what some of our othersystems do" (Minsky 1991, p. 48).ii) Since total motivation is constant, the designer is now armed with a powerfuland safe means to compare individual motivations at design time. This would correspondto a "common currency" (a measure of pleasure, according to Cabanac 1991) betweenwhat would appear as the robot’s "emotions". Werbos, with which we share the view ofdesign as an operations research problem, states that emotions may be simply interpretedas short-term evaluation functions, in our case the maximisation of pleasure according tothe motivations present. These short-term evaluation functions are such that theymaximise the long-term utility and are subject to change through learning (Werbos 1987,p. 15). It is important to note that these motivations should not be otherwise controllableby the robot itself, lest we run the risk of it learning to cheat and be useless to us: "If wecould deliberately seize control of our pleasure systems, we could reproduce the pleasureof success without the need for any actual accomplishment. And that would be the end ofeverything" (Minsky 1986, section 6.13). Those motivations will make the robot appearintentional, although it is completely -but indirectly- controlled by its designer19.iii) Then the state of the robot’s motivation (i.e. the set of states of individualmotivations) will be a point in a motivational space and this space will have the propertyof being closed, since any perturbation in one state will bring the robot to another pointwithin the same space -as long as the total motivation is constant. Actually, a robot can’tbe efficiently controlled if we don’t adopt the above closed world hypothesis. Aconsequence of this hypothesis is that the designer should then shift its focus of work inthe modelling of the interactions between tasks and between the robot and the world. Thisdoes not imply that every single action, outcome of action or perception has to be knownin advance, but instead that every perturbation to the motivations has to be modelled-reasoning in such a qualitative and more abstract composition level appears easier.Designing the robot is then reduced to designing its motivational space and initialising the

18 (Tyrrell 1993) also remarked that the grain of activity used by Maes leads to unbalanced competitionand that the non-constant activation forces the use of problematic division rules.19 Dawkins drew the analogy between a being completely -although indirectly- controlled by its genesand an intentional -albeit unconscious- machine, such as the steam engine (Dawkins 1976, chapter 4).

20state of motivations to a desirable starting point in it - an autonomous robot won’t gohunting by itself, unless it is born hungry. The necessity of such a dynamics approach toautonomous robot control through use of motivational variables has been raised by(Steels 1994) and justified as a remedy against inflexibility and rigidity of algorithmicapproaches and as a means to import results from physics, biology and control theory(pages 88-89). We believe that adopting the present hybrid approach of reactivealgorithms (tasks) combined through a motivational space medium will preserve speedand efficiency of behaviour while enforcing smoothness and extensibility. Some initialinvestigations on the subject of compositionality and motivational space may be found in(Tzafestas 1994b). The notion of robots situated and navigating in a motivational space-in a way whose by-product is the completion of the designer’s goal- is also close to whatTokoro speculated as volitional agents ("Volition might be the true meaning ofautonomy", Tokoro 1993, p. 10).As unlikely as it may seem, the closed world assumption is not contradictory withthe open systems principles of concurrency, asynchrony, decentralised control,inconsistent individual information, arm’s-length relationships and continuous operation(Hewitt 1986). Hewitt himself pointed out that "the indeterminacy of concurrent systemsdoes not stem from invoking a random element such as flipping a coin. Instead, it resultsfrom the indeterminate arrival order of inputs to system components" (Hewitt 1986, p.322). In a recent review, Tokoro redefined open systems as concurrent distributedsystems, extended with the additional possibility of constant change (Tokoro 1993).Again, this doesn’t contradict the closed world hypothesis. There is concurrency, thereis incomplete individual knowledge and there is change. The point is, the results ofpossibly inconsistent or displaced actions and the results of changes are propagated, sothat the whole system (or society for that purpose) may be seen to obey to a set of laws ina physical meta-level. Zeghal also remarked that all ethologically-inspired approaches toautonomous agents lacked such concern for action-reaction coupling (Zeghal 1993, p. 2).From the above discussion follows that the design problem should be rather viewedas a recursive self-regulation one driven by a set of criteria and a number of operationalcycles. Global adequacy of operation (as opposed to optimality) will be ensured throughlocal self-regulation at the individual robot level. Finally, the concept of a closedmotivational space appears to be a valid substrate for design of such regulatorymechanisms.7. Conclusions and perspectivesTo summarise the work presented:The design problem was formulated as a decision problem where an optimisationformula is applied to a set of design criteria, each one being an evaluation of input taskspecifications across design alternatives, i.e. robot specifications. For the identification ofdesign and/or experimentation parameters the structural stance is taken, i.e. it is assumedthat purely structural parameters account for all observed behaviour. Design was alsogiven a second formulation as a control problem, whose main parameter is the adaptationmechanism.A cellular control architecture was then briefly presented that combines featuresfrom subsumption architecture and connectionism and exhibits extensibility, specificationconstruction possibility as well as parameterisation possibility. The most prominentcharacteristics of the architecture are: Three level nestedness (cells, aggregates, tasks),categorisation of cells, aggregates and tasks, definition of reflexes independent of thecommands fed to the actuators, arbitration through activation/inhibition pathways,adaptation mainly by reinforcement at the cell level, finally definition of observer cellsthat serve as meta-cells.

21The experimentation context and the simulation environment were next described,with emphasis on the world’s role of repository, the observation mechanism and the useof specifications to automate the experimentation process.Investigations on a space exploration task revealed that the design knowledgesought should be of statistical nature and two identified design/control parameters werefound to be the adaptation mechanism and the time. Some secondary issues have alsobeen raised, namely that of the globality of sensors and of the appropriateness of abehavioural grain of activity. Finally, the concept of an operational cycle has beenintroduced and its potential use for inversion of the design problem was speculated.Following these observations, the overall design problem has been revisited andrefined. The notion of optimality has been examined more closely and the concept ofbounded optimality introduced which led to a quest for a unified design principle andmodel. The concept of operational cycle allowed some light to be shed on this issue: Itwas then identified that the principle that appears to be reproduced recursively at eachlevel (i.e. the micro as well as the macro level) is self-regulation and the concept of aclosed motivational space of individual robots was introduced as a substrate for design ofmicro-regulatory mechanisms. The study of possible implementations for thismotivational space on more complex tasks, such as supervision and inspection, willconstitute the next part of this work.

Post Scriptum : Why autonomy is controllable or Beethoven revisitedScience, and especially artificial intelligence, is about sharing ideas and approaches. Andabout invading frontiers with what was philosophy before20. In an attempt to excitepeople, I gave a lyric title to my previous report (Tzafestas 1993). I think I have beenmistaken. Beauty is seldom taken seriously: "Science is unlike art and literature in that ifone scientist does not find a particular idea, then another one will, and soon" (JamesAnderson, General introduction to Anderson & Rosenfeld 1988, p. xxi). Artificialintelligence is supposed to have come to sow doubt on this.What I wanted to say in this previous report was that we shouldn’t be too much obsessedby intelligence. And that, in contrast with what is generally said in robotics and which Idescribed as an unfortunate by-product of scientific evolution, autonomy is a prerequisiteto intelligence and not vice versa. The example that served as basis to my reasoning wasthat of the initially ignorant child that becomes a composer, and I argued that to becomeautonomous one doesn’t need to have an explicit representation of itself nor to fullyunderstand any artificial rules (or models) about it - Beethoven is a well-known exampleof this. (Covrigaru & Lindsay 1991) also argued that autonomy is the key property tointelligence. I went a step beyond this in saying that the other half of intelligence is thepossibility to modify the outside world intentionally, although this intention isn’tnecessarily explicitly represented in the intelligent agent, and actually I believe it isn’trepresented at all. Hence, autonomy is viewed as the possibility of the agent to survive ina world by continuously adapting to it, while intentional modification should result in aworld that better fits the agent. Covrigaru and Lindsay spoke about goals and intentions,but adopting the symbol-system-hypothesis led them naturally to assume explicitsymbolic representations. My choice of a distributed control architecture with thepossibility to ascend many representational meta-levels (Tzafestas 1994a) makes me rejectthis explicit representation assumption, whether of symbolic or other nature. In such acontext, the actual intentions of a hypothetical intelligent machine (i.e. the machine’s own

20 "... what we call intelligence remains an extreme challenge ... the frontiers are expanding at an everincreasing rate ..." (Winston & Shellard 1990, Preface cum Introduction, p. xvii)

22model of itself) may be very different from the intentions an observer perceives ("Whenintelligent machines are constructed, we should not be surprised to find them as confusedand as stubborn as men in their convictions about mind-matter, consciousness, free willand the like", Minsky 1965, p. 431). Covrigaru and Lindsay also mentioned built-in andacquired goals and insisted on the equally deterministic nature of the latter ones, too. Inthe end, they arrived at the same conclusion as I did, that what an autonomous machineneeds is homeostatic built-in goals. Again, working on a distributed architecture made medo a further step: Controlling the machine means defining its motivational space asclosed, so that it tries to regulate its own state. The designer’s job is then to find such amotivational space that matches the global task at hand. The machine will still beautonomous because it will try to adapt to its environment, but it can only do so within itsmotivational space21. This space appears therefore as an intermediate representation level(Minsky 1991, p. 49). I also said in my previous report that I was taking inspiration fromVarela’s theory of autopoiesis and from Saridis’ and Meystel’s intelligent control theoryand I justified this by saying that the property those two share and which I thoughtnecessary for design was their applicability at all levels of a nested system, in my case atthe individual robot level as well as the society level22. What I failed to observe by thattime is that they both share also the closed world assumption23 - perhaps this is because,without self-regulation in a closed world, you can’t travel safely across levels. A finalthorny point in that report was that the view of intelligence as autonomy plus thepossibility of intentional modification of the world could be misinterpreted by some as anargument for dualism. I tried to circumvent this problem by saying this was a pseudo-random process. I can now be a little more specific: In fact I believe it isn’t random. It isa part of the network (the part B that activates this other "autonomous" part A, like in(Minsky 1986), section 6.4) that is responsible for what looks random. The part B, likethe part A, is otherwise predetermined by the initial structure of the network, even if itmight have changed since birth (Covrigaru & Lindsay 1991). One just has to realise that"as in any society, there must be watchers to watch each watcher, lest any one or a few ofthem get too much control of the rest." (Minsky 1991, p. 50). My observer cells mayalso assume such a role, besides other things.As was the case with my previous report, I left this one open, too. What looked self-contained then, is just a part of the story now. I expect the present story to have the samefate. A mind never stops thinking. And science never ends.

ReferencesAFCET (1994). J.-C. Courbon, D. Dubois, B. Roy interrog�s par J.-Ch. Pomerol :Autour de l’aide � la d�cision et de l’intelligence artificielle, LAFORIA Research Report94/01, January, 25 p.

21 Even the most intelligent of all known beings, humans, are sometimes controlled through food totheir motivations.22 " ... the same organization may be realized in different systems with different kinds of components aslong as these components have the properties which realize the required relations." (Varela et al. 1974,p. 188)"The control intelligence is hierarchically distributed according to the principle of Decreasing Precisionwith Increasing Intelligence, evident in all hierarchical management systems." (Saridis 1985, p. 24)23 "The necessary feature is the presence of a boundary which is produced by a dynamics such that theboundary creates the conditions required for its dynamics." (Varela et al. 1974, p. 191-192)"Exosystem is becoming a part of the control problem." (Meystel 1988, p. 280)

23Anderson, J. A., Rosenfeld, E. (1988). Neurocomputing, Foundations ofresearch, MIT Press.Arkin, R. C. (1987). Motor schema based navigation for a mobile robot : Anapproach to programming by behaviour, Proceedings of the 1987 InternationalConference on Robotics and Automation, Raleigh, NC, March, pp. 264-271.Bourgine, P., LeMoigne, J. L. (1991). Les bonnes d�cisions sont-elles optimalesou ad�quates?, in H. F. Bradley (Ed.), Operational Research ’90, Selected papers fromthe 12th IFORS International Conference on Operational Research, Pergamon Press,1991, pp. 215-225.Braitenberg, V. (1984). Vehicles - Experiments in synthetic psychology, BradfordBooks/MIT Press.Brooks, R. A. (1986). A Robust Layered Control System for a Mobile Robot, IEEEJournal of Robotics and Automation, RA-2(1):14-23.Brooks, R. A. (1990). The Behavior Language - User’s Guide, M.I.T. AI MemoNo. 1227, 35 p.Brooks, R. A. (1991a). Intelligence without Representation, Artificial Intelligence,Special Issue on the Foundations of Artificial Intelligence, 47:139-159.Brooks, R. A. (1991b). Intelligence without Reason, M.I.T. AI Memo No. 1293,April, 27 p., alsoComputers and Thought Workshop, IJCAI-91.Cabanac, M. (1991). Pleasure : The Answer to Conflicting Motivations, in J.-A.Meyer, S. W. Wilson (Eds.), From Animals to Animats, Proceedings of the FirstInternational Conference on Simulation of Adaptive Behavior, Paris, 1990,Bradford/MIT Press, pp. 206-212.Carle, P., Collinot, A., Jacopin, E., Zeghal, K. (1994). Comportementscollectifs: des agents sous influences, LAFORIA Research Report 94/03, April, 11 p.Chandrasekaran, B., Goel, A., Allemang, D. (1988). Connectionism andinformation-processing abstractions (The message still counts more than the medium), AIMagazine, 9(4):24-34, Winter 1988.Connell, J. (1990). Minimalist mobile robotics : a colony-style architecture for anartificial creature, MIT Press, Cambridge, MA.Covrigaru, A. A., Lindsay, R. K. (1991). Deterministic autonomous systems,AI Magazine, 12(3):110-117, Fall 1991.Dawkins, R. (1976). The selfish gene, Oxford Univ. Press.Drogoul, A., Dubreuil, C. (1993). A distributed approach to N-puzzle solving,Proceedings of the 13th Workshop on Distributed Artificial Intelligence, 13 p.Flynn, A. M., Brooks, R. A. (1989). Building Robots : Expectations andExperiences, IEEE/RSJ International Workshop on Intelligent Robots and Systems(IROS ’89), September 1989, Tsukuba, Japan, pp. 236-243.Ferber, J. (1989). Eco-Problem-Solving : How to solve problems by interactions,Proceedings of the 9th Workshop on Distributed Artificial Intelligence, pp. 113-128.Fukuda, T., Kawauchi, Y. (1991).The cellular robotic system (CEBOT), a self-organizing system, in S. G. Tzafestas (Ed.), Intelligent Robotic Systems, Marcel-Dekker, pp. 137-163.Goel, V., Pirolli, P. (1989). Motivating the notion of generic design withininformation-processing theory: The design problem space, AI Magazine, 10(1):19-36,Spring 1989.Harvey, I., Husbands, P., Cliff, D. (1992). Issues in evolutionary robotics, inJ.-A. Meyer, H. L. Roitblat, S. W. Wilson (Eds.), From Animals to Animats 2,

24Proceedings of the Second International Conference on Simulation of Adaptive Behavior,Hawaii, Bradford/MIT Press, pp. 364-373.Henrion, M., Breese, J., Horwitz, E. (1991). Decision analysis and expertsystems, AI Magazine, 12(4):64-91, Winter 1991.Hewitt, C. (1986). Offices are open systems, ACM Transactions on OfficeInformation Systems, 4(3):271-287, reprinted in A. H. Bond & L. Gasser (Eds.),Readings in Distributed Artificial Intelligence, Morgan Kaufmann, San Mateo,California, 1988, pp. 321-329.Kube, C. R., Zhang, H. (1994). Collective robotics : From social insects torobots, Adaptive Behavior, 2(2):189-218.L�vine, P., Pomerol, J.-Ch. (1993). Are DSSs problem solvers?, LAFORIAResearch Report 93/40, November, 19 p.Maes, P. (1989). The Dynamics of Action Selection, Proceedings of the 1989International Joint Conference on Artificial Intelligence, Detroit, pp. 991-997.Mataric, M. J. (1992a). Minimizing complexity in controlling a mobile robotpopulation, Proceedings of the 1992 IEEE International Conf. on Robotics andAutomation, Nice, France, May, pp. 830-835.Mataric, M. J. (1992b). Designing emergent behaviors : From local interactions tocollective intelligence, in J.-A. Meyer, H. L. Roitblat, S. W. Wilson (Eds.), FromAnimals to Animats 2, Proceedings of the Second International Conference on Simulationof Adaptive Behavior, Hawaii, Bradford/MIT Press, pp. 432-441.Maturana, H. R., Varela, F. J. (1987). The tree of knowledge : The biologicalroots of human understanding, New Science Library/Shambhala, Boston.McLennan, B. J., Burghardt, G. M. (1994). Synthetic ethology and theevolution of cooperative communication, Adaptive Behavior, 2(2): 161-188.Meystel, A. (1988). Intelligent control in robotics, Journal of Robotic Systems,5:269-308.Miller, D. P. (1994). The long-term effects of secondary sensing, AI Magazine,15(1):52-56, Spring 1994.Minsky, M. (1965). Matter, mind and models, Proceedings of the 1965 IFIPCongress, Vol. 1, Sparta Books, pp. 45-49, reprinted in M. Minsky (Ed.), SemanticInformation Processing, MIT Press, Cambridge, MA, 1968, pp. 425-432.Minsky, M. (1986). The Society of Mind, Simon and Schuster, New York, 1986.Minsky, M. (1991). Logical versus analogical or symbolic versus connectionist orneat versus scruffy, AI Magazine, 12(2):34-51, Summer 1991.Parker, L. E. (1992). Adaptive action selection for cooperative agent teams, in J.-A.Meyer, H. L. Roitblat, S. W. Wilson (Eds.), From Animals to Animats 2, Proceedingsof the Second International Conference on Simulation of Adaptive Behavior, Hawaii,Bradford/MIT Press, pp. 442-450.Parker, L. E. (1993). Designing control laws for cooperative agent teams,Proceedings of the 1993 IEEE International Conference on Robotics and Automation,Atlanta, GA, May, pp. 582-587.Pitrat, J. (1990). M�taconnaissance - Futur de l’Intelligence Artificielle, EditionsHerm�s, Paris.Pomerol, J.-Ch. (1993). Multicriteria DSSs : State of the art and problems,LAFORIA Research Report 93/32, September, 15 p.Saridis, G. N. (1985). Foundations of the theory of intelligent controls, Proceedingsof the 1st IEEE Symposium on Intelligent Control, Troy, NY, pp. 23-28.

25Simon, H. (1973). The structure of ill-structured problems, Artificial Intelligence,4:181-201.Steels, L. (1994). The artificial life roots of artificial intelligence, Artificial Life, 1(1-2):75-110.Tokoro, M. (1993). The society of objects, Addendum to the Proceedings,OOSPLA-93, pp. 3-12, Washington, DC.Tyrrell, T. (1993). Computational mechanisms for action selection, Ph.D. Thesis,Centre for Cognitive Science, University of Edinburgh.Tzafestas, E. S. (1991). Un syst�me de mod�lisation et de saisie de cahiers descharges fonctionnels. Application aux produits �lectrom�caniques, Univ. Paris VID.E.A. Thesis & T�l�m�canique R&D Research Report 1101, September, 56 p.Tzafestas, E. S. (1993). De la machine � vapeur � Beethoven en passant par lesrobots autonomes, LAFORIA Research Report 93/16, May, 42 p.Tzafestas, E. S. (1994a). A cellular control architecture for autonomous robots,Proceedings of the 1994 International Workshop on Intelligent Robotic Systems,Grenoble, July, to appear.Tzafestas, E. S. (1994b). Implementing reactive algorithms on a cellular controlarchitecture, Proceedings of the 10th Autonomous Mobile Systems Workshop, Stuttgart,October, to appear.Varela, F. J., Maturana, H. R., Uribe, R. (1974). Autopoiesis : Theorganization of living systems, its characterization and a model, BioSystems, 5:187-196.Wang, J. (1990). The theory and engineering of cellular robotic systems, Ph.D.Thesis, University of California, Santa Barbara, June.Werbos, P. J. (1987). Building and understanding adaptive systems : Astatistical/numerical approach to factory automation and brain research, IEEETransactions on Systems, Man and Cybernetics, 17(1):7-20.Winston, P. H., Shellard, S. A. (Eds., 1990). Artificial Intelligence at MIT:Expanding frontiers, MIT Press, Cambridge, MA.Zeghal, K. (1993). Un mod�le de coordination d’actions pour agents mobiles r�actifet d�centralis�, LAFORIA Research Report 93/41, December, 19 p.