.. Paper published in IEEE-IROS’93 conferenceIntelligent RObots and SystemsYokohama - JAPAN - 1993

THE "ARIADNE’S CLEW"1 ALGORITHM:GLOBAL PLANNING WITH LOCAL METHODS2Pierre BESSIØRE3, Juan-Manuel AHUACTZIN, El-Ghazali TALBI & Emmanuel MAZERCNRS4IMAG Institute, LIFIA5 & LGI6 laboratoriesABSTRACTThe goal of the work described in this paper is tobuild a path planner able to drive a robot in a dy-namic environment where the obstacles are moving.In order to do so, we propose a method, called"ARIADNE’S CLEW algorithm", to build a global pathplanner based on the combination of two localplanning algorithms : an EXPLORE algorithm and aSEARCH algorithm. The purpose of the EXPLORE al-gorithm is to collect information about the envi-ronment with an increasingly fine resolution byplacing landmarks in the searched space. The goalof the SEARCH algorithm is to opportunisticallycheck if the target can be easily reached from anygiven placed landmark.The ARIADNE’S CLEW algorithm is shown to bevery fast in most cases allowing planning in dy-namic environments. Hence, it is shown to be com-plete, which means that it is sure to find a pathwhen one exists. Finally, we describe a massivelyparallel implementation of this algorithm.INTRODUCTIONThe goal of this work is to build a path plannerable to drive a robot in a dynamic environmentwhere the obstacles are moving.Designing a path planner is a central question inrobotics research. A review of the existing ap-proaches can be found in Latombe’s book [1]. Thereare two main ways to deal with this problem : theglobal and the local approaches. The global ap-proaches suppose that a complete representation ofthe configuration space has been computed beforelooking for a path. The global approaches are com-plete in the sense that if a path exists it will befound. Unfortunately, computing the complete con-figuration space is very time consuming, worst, thecomplexity of this task grows exponentially as thenumber of degrees of freedom increases.Consequently, today most of the robot path plannersare used off-line : the planner is invoked with amodel of the environment, it produces a plan whichis passed to the robot controller which, in turn, exe-cutes it. In general, the time necessary to achievethis, is not short enough to allow the robot to movein a dynamic environment. The local approachesneed only partial knowledge of the configurationspace. The decisions to move the robot are takenusing local criteria and heuristics to choose the mostpromising directions. Consequently, the local meth-ods are much faster. Unfortunately, they are notcomplete, it may happen that a solution exists and isnot found. The local approaches consider planningas an optimisation problem, where finding a path tothe target corresponds to the optimisation of somegiven function. As any optimisation technique, thelocal approaches are subject to get trapped in somelocal optima, where a path to the goal has not beenfound and from which it is impossible or, at least,very difficult to escape.The ultimate goal of a planner is to find a path inthe configuration space from the initial position tothe target. However, while searching for this path,an interesting sub-goal to consider may be to try tocollect information about the free space and aboutthe possible paths to go about that space. TheARIADNE’S CLEW algorithm tries to do both at thesame time. An EXPLORE algorithm collects infor-mation about the free space with an increasinglyfine resolution, while, in parallel, a SEARCH algo-rithm opportunistically checks if the target can bereached. The EXPLORE algorithm works by placinglandmarks in the searched space in such a way thata path from the initial position to any landmark isknown. In order to learn as much as possible aboutthe free space the EXPLORE algorithm tries tospread the landmarks all over the space. To do so, ittries to put the landmarks as far as possible fromone another. For each new landmark produced bythe EXPLORE algorithm the SEARCH algorithmchecks with a local method if the target may bereached from that landmark. The ARIADNE’S CLEWalgorithm is very fast, however, we will show that itis a complete planner which will find a path if oneexits. The resolution at which the space is scannedand the time spent to do so, automatically adapts tothe difficulty of the problem.

Both the EXPLORE and the SEARCH algorithmsmay be seen as solving optimisation problems. Wefirst introduce the optimisation technique we areusing, namely, genetic algorithms. We then de-scribe successively in some details, the SEARCH al-gorithm, the EXPLORE algorithm and the concate-nation of both. We finally explain a massivelyparallel implementation of our method and presentsome results proving that using this method we areable to drive a robot in a dynamic environment. Weconclude with a discussion and some perspectivesfor future work.PRINCIPLE OF GENETIC ALGORITHMSEVALUATIONSELECTIONREPRODUCTIONREPLACEMENTfigure 1: The basic principle of genetic algorithmsGenetic algorithms are programs used to dealwith optimisation problems. They have first beenintroduced by Holland [2]. Their goal is to find op-timum of a given function F on a given search spaceS. For instance, the search space S may be 2N, apoint of S is then described by a vector of N bitsand F is a function able to compute a real value foreach of the 2N vectors.In an initialisation step a set of points of thesearch space S (called a "population" of "individu-als"), is drawn at random (the "genotype" of eachindividual is a vector of N bits). Then, the geneticalgorithm iterates over the following 4 steps until asatisfying optimum is reached (see figure 1 below) :1-Evaluation: The function F is computedfor each individual, ordering the population fromthe worst to the best.2-Selection: Pairs of individuals are selected,best individuals having more chance to be se-lected than poor ones (one individual may appearin different pairs).3-Reproduction: New individuals (called"offspring") are produced from these pairs.4-Replacement: A new population is gener-ated by replacing some of the individuals of theold population by the new ones.Reproduction is done using some "genetic opera-tors". Number of them may be used but the twomost common are mutation and crossing-over. Themutation operator picks at random some mutationlocations among the N possible sites in the vectorand flip the value of the bits at these locations asrepresented in figure 2.

figure 2: mutation operatorThe cross-over operator selects at random a cutpoint among the N possible sites in the binarygenotype and exchanges the last parts of the twoparents vectors as shown in figure 3.+

010001001110111figure 3: cross-over operatorGenetic algorithms have many applications ande x h i b i t v e r y i m p r e s s i v e optimisation capabilities compareto other optimisation techniquesespecially when the search spaceis big (»2300) and F quite irregular(see [3] for a recent survey).Beside their scientific interestas a model of biological evolution,genetic algorithms have two maintechnological interests:1-They are very robusttechniques able to deal with avery large class of optimisationproblems.2-They are very easy toprogram in parallel and the ac-celeration obtained by doing sois considerable (see [4]).

We proposed a parallel genetic algorithm anddeveloped an implementation on a massively paral-lel machine based on Transputers (see [5]). This al-gorithm and the performances obtained by theparallel implementation have been an essentialachievement for the success of the work describedin this paper.figure 4: the principle of the parallel geneticalgorithmThe principle of this parallel genetic algorithm isdescribed by figure 4. It consists in one parallelprocess running for each individual in the popula-tion. The processes are organised in a torus struc-ture where each process has 4 neighbours. At eachgeneration all the individuals, in parallel, chooseamong their 4 neighbours with whom they want tobreed and reproduce with the chosen bride. Theparallel genetic algorithm iterates over the follow-ing 4 steps until a satisfying optimum is reached :1-Evaluation: Evaluate in parallel all theindividuals.2-Selection: Select in parallel, among thefour neighbours, the bride with the best evalua-tion.3-Reproduction: Reproduce in parallel withthe chosen bride.4-Replacement: Replace in parallel the par-ents by the offspring.THE SEARCH ALGORITHMThe purpose of the SEARCH algorithm is to de-termine if the target t may be reached "simply"from a given point p. In order to do so, it looks forfixed length Manhattan motions in the configurationspace starting at p and ending at t.Given a system with N degrees of freedom {q1,q2, ..., qN}, a Manhattan motion of length 1 consistsin moving each degree of freedom qi successivelyonce by Dqi. A Manhattan motion of length L is asuccession of L Manhattan motions of length 1 orof LxN elementary motions of a single degree offreedom. Such a Manhattan motion M is denoted :

M = Δθ

1

1

,Δθ

2

1

,...,Δθ

i

1

,...,Δθ

N

1

,Δθ

1

2

,Δθ

2

2

,...,Δθ

N

L

( )Λετ υσ χαλλ

ijττηε ποιντ ρεαχηεδ ιν τηε χονϕιγυρα-τιον σπαχε αϕτερ ιξφ ελεμενταρψ μοτιονσ. Λετ υσ χαλλ

abτ τηε ϕυρτηεστ ποιντ ρεαχηεδ αλονγ Μ βεϕορε α χολ-λισιον οχχυρρεδ. Ωε αρε λοοκινγ ϕορ α χολλισιον ϕρεεΜανηατταν μοτιον συχη τηατ

abτ = NLτ = τ.Τηε ΣΕΑΡΧΗ αλγοριτημ μαψ βε εξπρεσσεδ ασ ανοπτιμισατιον προβλεμ ϕορ τηε παραλλελ γενετιχ αλγο-ριτημ ωηερε:-Τηε σεαρχη σπαχε Σσ ισ τηε σετ οϕ αλλ Μανηαττανμοτιονσ οϕ λενγτη Λ σταρτινγ ατ π.-Τηε εϖαλυατιον ϕυνχτιον Φσ αππλιεδ το αΜανηατταν μοτιον Μ γιϖεν α ταργετ τ ισ δεϕινεδασ ϕολλοω :Φσ(Μ,τ)=0 ιϕ ανψ

ijτ οϕ Μ πρεχεδινγ

abτ ισ ιντηε ΒΑΧΚΠΡΟϑΕΧΤΙΟΝσ οϕ τ. (Τηε ΒΑΧΚΠΡΟ-ϑΕΧΤΙΟΝσ οϕ τ ισ τηε σετ οϕ αλλ ποιντσ οϕ τηεσεαρχηεδ σπαχε ϕρομ ωηιχη τ μαψ βε ρεαχηεδ βψα Μανηατταν μοτιον οϕ λενγτη 1).Οτηερωισε, Φσ(Μ,τ)=||τ - i jτ ανδ τηε χολλισιον-ϕρεε τεστ ον τηε πατη ϕρομ πτο

ijτ (σεε [6]). Φυρτηερμορε, ιν α 3 διμενσιονπηψσιχαλ σπαχε, τηε χολλισιον-ϕρεε τεστ ιτσελϕ χονσιστσιν τηρεε προχεσσεσ ρυννινγ ιν παραλλελ χηεχκινγρεσπεχτιϖελψ τηατ τηερε ισ νο ϖερτεξ-το-πλαν χολλι-σιονσ, πλαν-το-ϖερτεξ χολλισιονσ ανδ εδγε-το-εδγεχολλισιονσ. Φιναλλψ, εαχη οϕ τηεσε τηρεε προχεσσεσμαψ βε εξπρεσσεδ ασ τηε παραλλελ εϖαλυατιον οϕ ΑξΒπροχεσσεσ ωηερε Α ισ τηε νυμβερ οϕ ελεμεντσ ιν τηεϕιρστ σετ οϕ τηε τεστ (Α ισ τηε νυμβερ οϕ ϖερτιχεσ,πλανσ ορ εδγεσ) ανδ ωηερε Β ισ τηε νυμβερ οϕ ελε-μεντσ ιν τηε σεχονδ σετ (Β ισ τηε νυμβερ οϕ πλαν,ϖερτιχεσ ορ εδγεσ).Τηε ΣΕΑΡΧΗ αλγοριτημ μαψ βε υσεδ ασ α πλαννερβψ ιτσελϕ. Ιτ ηασ βεεν υσεδ ασ συχη ϕορ σεϖεραλ αππλι-χατιονσ. Λετ υσ δεσχριβε βριεϕλψ τωο οϕ τηεμ (α μορεδεταιλεδ πρεσεντατιον μαψ βε ϕουνδ ιν [7]).

ϕιγυρε 5.α

ϕιγυρε 6.αϕιγυρε 6.βΤηε ϕιρστ αππλιχατιον ισα πλαννερ ϕορ α πλαναραρμ ωιτη τωο δεγρεεσ οϕϕρεεδομ. Βψ ρεστριχτινγουρσελϖεσ το τωο διμεν-σιονσ ωε χαν γραπηιχαλλψρεπρεσεντ τηε χονϕιγυρα-τιον σπαχε ανδ γιϖε τηερεαδερ α βεττερ ϕεελινγ οϕτηε μετηοδ. Ηοωεϖερ,τηε προποσεδ μετηοδδοεσ νοτ μακε ανψ ηψ-ποτηεσισ αβουτ τηε νυμ-βερ οϕ δεγρεεσ οϕ ϕρεεδομ ανδ χαν βε υσεδ ωιτηουτμοδιϕιχατιον ϕορ αρμσ ωιτη α μυχη λαργερ νυμβερ οϕδεγρεεσ οϕ ϕρεεδομ. Φιγυρε 5.α σηοωσ α Μανηαττανμοτιον ιν τηε χονϕιγυρατιον σπαχε ανδ τηε ασσοχι-ατεδ ∀ινδιϖιδυαλ∀ οϕ τηε γενετιχ αλγοριτημ. Φιγυρε5.β σηοωσ τηε ινιτιαλ ανδ ϕιναλ χονϕιγυρατιον οϕ τηεαρμ ιν τηε οπερατιοναλ σπαχε. Φιγυρε 5.χ σηοωσ τηεπατη ϕουνδ ιν τηε οπερατιοναλ σπαχε ανδ Φιγυρε 5.δτηε πατη ϕουνδ ιν τηε χονϕιγυρατιον σπαχε. Φιναλλψ,Φιγυρε 5.ε σηοωσ τηε πορτιον οϕ τηε χονϕιγυρατιονσπαχε ωηιχη ηασ βεεν εϖαλυατεδ. Ιτ σηουλδ βενοτιχεδ τηατ ονλψ α ϖερψ ρεστριχτεδ παρτ οϕ τηεχονϕιγυρατιον ισ ρεαλλψ χομπυτεδ, τηισ ισ ονε οϕ τηεμαιν εξπλανατιον οϕ τηε εϕϕιχαχψ οϕ τηε αλγοριτημανδ τηισ ισ ωηψ τηισ αλγοριτημ ισ αβλε το ηανδλεπλαννινγ ιν δψναμιχ ενϖιρονμεντσ.Τηε σεχονδ αππλιχατιον ισ α πλαννερ ϕορ α ηολο-νομιχ μοβιλε ροβοτ. Φιγυρε 6 σηοωσ ηοω τηε πλαν-νερ βεηαϖεσ ιν α δψναμιχ ενϖιρονμεντ. Φιγυρε 6.ασηοωσ τηε ινιτιαλ ϕουνδ πατη. Φιγυρε 6.β σηοωσ τηεπατη ρε-πλαννεδ αϕτερ τηε χλοσινγ οϕ τηε δοορ. Τηευσεδ ϖερσιον οϕ ΣΕΑΡΧΗ ηασ βεεν ιμπλεμεντεδ ον αμασσιϖελψ παραλλελ Τρανσπυτερσ μαχηινε. Τηε πλαν-νινγ τιμε ϕορ α γιϖεν πατη ωασ λεσσ τηαν 1 σεχονδ ονα μαχηινε οϕ 64 Τρανσπυτερσ.Ασ σηοων βψ τηε τωο πρεϖιουσ εξαμπλεσ, τηευσεδ οϕ ΣΕΑΡΧΗ ηασ α πλαννερ ισ ϖερψ ιντερεστινγ.Ηοωεϖερ, ιτ μαψ ηαππεν τηατ τηε γενετιχ αλγοριτημγετσ τραππεδ ιν σομε λοχαλ μινιμα. Ιν τηατ χασε τηεπλαννερ δοεσ νοτ ϕινδ α σολυτιον εϖεν ιϕ ονε εξιστσ.Τηε ΣΕΑΡΧΗ αλγοριτημ ισ νοτ χομπλετε, τηισ ισ ιτσμαιν δραωβαχκ.ΤΗΕ ΕΞΠΛΟΡΕ ΑΛΓΟΡΙΤΗΜΤηε πυρποσε οϕ τηε ΕΞΠΛΟΡΕ αλγοριτημ ισ τοχολλεχτ ινϕορματιον αβουτ τηε ϕρεε σπαχε. ΤηεΕΞΠΛΟΡΕ αλγοριτημ ωορκσ βψ πλαχινγ λανδμαρκσ ιντηε σεαρχηεδ σπαχε ιν συχη α ωαψ τηατ α χολλισιονϕρεε Μανηατταν πατη ϕρομ τηε ινιτιαλ ποσιτιον π τοανψ λανδμαρκ λκ ισ κνοων. Ιν ορδερ το λεαρν ασμυχη ασ ποσσιβλε αβουτ τηε ϕρεε σπαχε τηε ΕΞΠΛΟΡΕαλγοριτημ τριεσ το σπρεαδ τηε λανδμαρκσ αλλ οϖερ τηεσπαχε. Το δο σο, ιτ τριεσ το πυτ τηε λανδμαρκσ ασ ϕαρασ ποσσιβλε ϕρομ ονε ανοτηερ. Λετ υσ χαλλ Λ ={λ1,λ2,...λκ,...} τηε σετ οϕ αλρεαδψ πλαχεδ λανδμαρκσατ α γιϖεν στεπ οϕ τηε προγραμ. Ιτ ισ ποσσιβλε το δε-ϕινε τηε διστανχε βετωεεν α ποιντ α οϕ τηε σεαρχηεδσπαχε ανδ τηε σετ Λ βψ Δ(α,Λ)=Μιν ||λκ - α|| ον αλλλανδμαρκσ λκ ∈ Λ.Τηε ΕΞΠΛΟΡΕ αλγοριτημ μαψ βε εξπρεσσεδ ασ ανοπτιμισατιον προβλεμ ϕορ τηε παραλλελ γενετιχ αλγο-ριτημ ωηερε:-Τηε σεαρχη σπαχε Σε ισ τηε σετ οϕ αλλ Μανηαττανμοτιονσ οϕ λενγτη Λ σταρτινγ ϕρομ ανψ λανδμαρκλκ οϕ Λ.-Τηε εϖαλυατιον ϕυνχτιον Φε αππλιεδ το αΜανηατταν μοτιον Μ οϕ Σε ισ δεϕινεδ ασ ϕολλοωσ :Φε(Μ)=Δ(

ϕιγυρε 7Φιγυρε 8 σηοωσ ∀τηε ΑΡΙΑΔΝΕ∋Σ ΧΛΕΩ∀ : α τρεεοϕ λανδμαρκσ αλλοωινγ το γο αβουτ τηε ϕρεε σπαχε.

ϕιγυρε 8: Τηε ΑΡΙΑΔΝΕ∋Σ ΧΛΕΩΤΗΕ ΑΡΙΑΔΝΕ∋Σ ΧΛΕΩ ΑΛΓΟΡΙΤΗΜΤηε πυρποσε οϕ τηε ΑΡΙΑΔΝΕ∋Σ ΧΛΕΩ αλγοριτημισ το ϕινδ α πατη ϕρομ α γιϖεν ποιντ π το α ταργετ τ.Τηε ΑΡΙΑΔΝΕ∋Σ ΧΛΕΩ αλγοριτημ ισ τηε ϕολλοω-ινγ:1-Υσε τηε ΣΕΑΡΧΗ αλγοριτημ το ϕινδ ιϕ α ∀σιμπλε∀ πατη εξιστ βετωεεν π ανδ τ.2-Ιϕ νο ∀σιμπλε∀ πατη ϕουνδ βψ στεπ 1, τηεν δο υντιλ α πατη ισ ϕουνδ2.1∗Υσε ΕΞΠΛΟΡΕ το γενερατε α νεω λανδμαρκ λ.2.2∗Υσε ΣΕΑΡΧΗ το λοοκ ϕορ α ∀σιμπλε∀ πατη ϕρομ λ το τ.Ιτ ισ ιντερεστινγ το νοτιχε τηατ ΣΕΑΡΧΗ μαψ βεσεεν ασ α βαχκπροφεχτιον ϕυνχτιον ϕορ ΕΞΠΛΟΡΕ.ΣΕΑΡΧΗ χουλδ βε χαλλεδ ΒΑΧΚΠΡΟϑΕΧΤΙΟΝε βε-χαυσε ιτ πλαψσ ρελατιϖελψ το ΕΞΠΛΟΡΕ τηε εξαχτ σαμερολε τηαν ΒΑΧΚΠΡΟϑΕΧΤΙΟΝσ ρελατιϖελψ το ΣΕΑΡΧΗ.Α θυιτε χομπλιχατεδ βαχκπροφεχτιον ϕυνχτιον ιν-δεεδ, ωηιχη υσυαλλψ προδυχεσ ϖερψ βιγ βαχκπροφεχ-τιον αλλοωινγ ΕΞΠΛΟΡΕ το στοπ αϕτερ πλαχινγ φυστ αϕεω λανδμαρκσ.Τηε ΑΡΙΑΔΝΕ∋Σ ΧΛΕΩ αλγοριτημ ηασ τηρεε ϖερψιμπορταντ θυαλιτιεσ:-Ιτ ρεδυχεσ το τηε ϖερψ ϕαστ ΣΕΑΡΧΗ αλγοριτημϕορ μοστ οϕ τηε χασεσ.-Ιτ ισ χομπλετε, ιν τηε σενσε τηατ ιϕ α πατη εξιστσιτ ωιλλ βε ϕουνδ (σεε προποσιτιον 2 βελοω).-Ιτ αυτοματιχαλλψ αδαπτσ τηε ρεσολυτιον ατ ωηιχηιτ σχανσ τηε σπαχε το τηε χομπλεξιτψ οϕ τηε προβ-λεμ (σεε προποσιτιον 3 βελοω).Φιγυρε 9 σηοωσ τωο χομπλεξ πατησ ϕουνδ βψ τηεΑΡΙΑΔΝΕ∋Σ ΧΛΕΩ αλγοριτημ.

1M_{= Δθ}1_{1,Δθ}2_{1,...,Δθ}i_{1,...,Δθ}N_1

( ) ωηερεεαχη

i1Δθ ισ αν ιντεγερ χορρεσπονδινγ το τηε λενγτηοϕ τηε μοϖε αλονγ διμενσιον ι εξπρεσσεδ ιν σομεγιϖεν ελεμενταρψ λενγτη υνιτ υ.Δεϕινιτιον 3: α ΜΑΝΗΑΤΤΑΝ ΜΟΤΙΟΝ ΟΦΛΕΝΓΤΗ Λ ιν αν Ν διμενσιον σπαχε ισ δεϕινεδ ασ ανΝξΛ-υπλετ:

LM = Δθ11,Δθ21,...,Δθi1,...,ΔθN1 ,Δθ12,Δθ22,...,ΔθNL

( )ωηερε εαχη

ijΔθ ισ αν ιντεγερ χορρεσπονδινγ το τηελενγτη οϕ τηε φτη μοϖε αλονγ διμενσιον ι εξπρεσσεδιν σομε γιϖεν ελεμενταρψ λενγτη υνιτ υ.Προποσιτιον 1: ϕορ ανψ ε>0, ϕορ ανψ πατη Π, ιτ ισποσσιβλε το ϕινδ υ, Λ ανδ α Μανηατταν μοτιον

LM oflength L, such that the path P is approximated by

LM with an error less than e.Sketch of proof:-Direct application of the Stone-Weirstrasstheorem.Proposition 2: the ARIADNE'S CLEW algorithmis complete, which means that, for any given e>0, ifa path exists from the initial point p to the target t itwill find (in a finite time) L and a Manhattan mo-tion of length L

LM will be produced after a finiteamount of time.Remark: In fact Proposition 2 proves that any al-gorithm producing Manhattan motions without pro-ducing twice the same is complete. This is true ei-ther for an algorithm enumerating the Manhattanmotions or for an algorithm drawing randomly theManhattan motions (without drawing twice thesame). Of course the ARIADNE'S CLEW algorithm isdoing much, much, better than those two.Definition 4: for a given e, let us call theCOMPLEXITY OF THE PROBLEM the minimum num-ber C of identical tiles necessary to do a paving ofthe space, the biggest dimension of a tile beingequal to e.Definition 5: let us call RESOLUTION R thenumber of landmarks generated by the ARIADNE'SCLEW algorithm to find a solution.Proposition 3: resolution R is always inferior orequal to complexity C.Sketch of proof:-as long as R<C, two different landmarks maynot be in the same tile given that the ARIADNE'SCLEW algorithm maximises the distance betweenthe landmarks.-for R=C, there is exactly one landmark ineach tile.-in that case, it exists a Manhattan motionstarting at a distance of p less than e (starting atthe landmark in the same tile than p) and endingat a distance of t less than e (ending at the land-mark in the same tile than t).Remark: In practice, experiences prove thatR<<C. There are two main reasons for this. First,most of the time, SEARCH stops EXPLORE after thegeneration of just a few landmarks. Second, the

EXPLORESEARCHLandmarksFoundParallel Genetic Algorithmp parallel processesParallel Genetic Algorithmp parallel processesCollision-free test for Fenxl parallel processesCollision-free test for Fsnxl parallel processesCollision-free test for an elementary motion3 parallel processesCollision-free test for an elementary motion3 parallel processesAxB parallel processesAxB parallel processesfigure 10ARIADNE'S CLEW algorithm adapts locally its reso-lution to the surrounding free space, generating a lotof landmarks where narrow doors or corridors haveto be found and generating just a few of them whenin an open free space.PARALLEL IMPLEMENTATIONIt is possible to design a massively parallel im-plementation of the ARIADNE'S CLEW algorithmwith 5 embedded levels of parallelism (see figure10) :1-At top level of parallelism, SEARCH andEXPLORE may run in parallel. EXPLOREproduces a landmark while SEARCH exploits theprevious one. SEARCH stops EXPLORE as soon asit reaches the target.2-Both SEARCH and EXPLORE need to run agenetic algorithm which can be implemented inparallel as described in section 2.3-Fs and Fe, the evaluation functions ofSEARCH and EXPLORE, consist mainly in testingcollision on paths. This may be done by NxLparallel processes, where N is the number ofdegrees of freedom and L the length of theconsidered Manhattan motions.4-Each of this NxLprocesses may be furtherdecomposed as three parallelprocesses testing respectivelyvertex-to-plan, plan-to-vertexand edge-to-edge collisions.5 -Finally, each of this testneeds AxB parallel processeswhere A is the number ofelements in the first set of thetest (A is the number ofvertices, plans or edges) andwhere B is the number ofelements in the second set (B isthe number of plans, verticesor edges).The methodology used toimplement this on a parallelmachine consists in writing theapplication fully in parallel as ifthere were as many processorsavailable as the number ofprocesses. Of course, in practice,this is not the case. However, weuse languages and tools(particularly the PAROS paralleloperating system and the PARXcommunication kernel developedin the SUPERNODE II project, see[8]) which allows to conceive aparallel program independently ofthe architecture of the targetmachine.We implement this on SUPER-NODE machine made of 128Transputers.

figure 11CONCLUSION, RESULTS AND PERSPECTIVESWe have presented a general method to search acontinuous configuration space. This method is im-plemented using a minimisation technique based onparallel genetic algorithms. We have demonstratedthe validity of the method on a set of complex pathplanning problems. Finally, we proposed a mas-sively parallel implementation of the method whichpermits on-line re-planning.Our experimental set-up used to test our algo-rithm for an actual six degrees of freedom arm isrepresented on figure 11. RobotI is under thecontrol of the MegaNode (128 T800 Transputersparallel machine) running a parallel implementationof the ARIADNE'S CLEW algorithm. RobotII is usedas a dynamically obstacle : it is manually controlledvia KALI (KALI is a robot control software initiallydeveloped at Mc Gill University). First we use aCAD system called ACT7 which permits precisegeometrical description of the arms and obstaclesand which is able to present 3D simulations. Wecompile this representation into a special formatwhich is downloaded to the MegaNode. A finalposition is then specified to RobotI, the MegaNodequickly (2 seconds) produces a plan which assumeRobotII is standing still, should the position ofRobotII change under manual control, RobotI stopsand the MegaNode (re)computes another path.We plan in the next months to work on the pro-blems of grasping, re-grasping and fine motionsynthesis.BIBLIOGRAPHY[1]J-C. Latombe; "Robot motion planning", Ed. KluwerAcademic Publisher, 1991.[2] J.H. Holland; "Adaptation in natural and artificialsystems"; Ann Arbor: Univ. of Michigan Press, 1975.[3] D.E. Goldberg; "Genetic algorithms in search,optimization, and machine learning"; Addison-Wesley,1989.[4] E-G. Talbi & P.Bessière; "A parallel genetic algorithmfor the graph partitioning problem"; ACM Int. Conf. onSupercomputing, Cologne, Germany, June 1991.[5]E-G. Talbi & T.Muntean; "A parallel genetic algorithmfor process-processors mapping", Int. Conf. on HighSpeed Computing II, Montpellier, M.Durand and F.ElDabaghi (Editors), Elsevier Science Pub., North-Holland, pp.71-82, Oct 1991.[6]T. Lozano-Pérez, J.L. Jones, E. Mazer & P.A.O'Donnell; "HANDEY A robot task planner"; the MITPress, 1992[7]J.M. Ahuactzin, A-G. Talbi, P. Bessière & E. Mazer;"Using genetic algorithms for robot motion planning";ECAI92, Vienna, Austria, 1992[8]T. Muntean, N. Gonzalez & Y. Langue; "PARX Kernelfor the PAROS parallel operating system"; ESPRIT '91;Kluewer Academic Publishers, 1991.1Once upon a time, Ariadne, daughter of Minos, King ofCrete, helped Theseus to kill the Minotaur who lived in theLabyrinth, a huge maze build by Daedalus. The maindifficulty for Theseus was to find his way through out theLabyrinth. Ariadne imagined to give him a thread to unwindin order to find his path back.2This work has been made possible by two EEC ESPRITproject: SUPERNODE II (n∞2528) & PAPAGENA (n∞6857)and CONACYT Mexico3Telephone: (33)76.57.46.73; E-mail: bessiere@imag.fr; Fax:(33)76.57.46.02.4Centre National de la Recherche Scientifique5Laboratoire d'Informatique Fondamentale et d'IntelligenceArtificielle6Laboratoire de Génie Informatique7Kali andACT are comercial products of Aleph Technologies