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Abstract— We consider the problem of anytime planning in
continuous state and action spaces with non-linear determistic
dynamics. We review the existing approaches to this problem
and find no algorithms that both quickly find feasible solutions
and also eventually approachoptimal solutions with additional
time. The state-of-the-art solution to this problem is the apidly-
exploring random tree (RRT) algorithm that quickly finds a
feasible solution. However, the RRT algorithm does not rettn
better results with additional time. We introduce RRTtT,
an anytime extension of the basic RRT algorithm. We show
that the new algorithm has desirable theoretical properties
and experimentally show that it efficiently finds near optimd
solutions.

I. INTRODUCTION

Consider a motion planning problem for a wheeled robot
with non-trivial dynamics navigating through an environthe
filled with benches. The rapidly exploring random tree (RRT)

algorithm 51 is the most popular method for solving thisFig- 1. A robot motion planning problem going from S to G wimdmical
9 [ ] pop 9 onstraints. The robot must avoid several bench shapedabstin this

planning problgm, buF in c_Iuttered_ enV|r.onm€‘r1ts (FIQU“? luttered environment. The RRT algorithm typically finds ubstantially
the RRT algorithm will reliably fail to find a path that is sub-optimal solution. Our new algorithm RRT eventually finds a nearly

anywhere near optimal. This problem raises the questiogptimal path. :
does there exist an algorithm that returns feasible saistio Let the set of planning problems b Each problem
as quickly as RRT and also asymptotically approaches an
optimal solution?

Several papers have explored related ideas. One appro&ets a start state® ¢ X, and specificationfunctions g, f,
uses heuristics to bias the search [8]. Another approach [}}, andc. The goal function ig; : X — {0, 1}, and the free
runs RRT repeatedly with tighter constraints on each i@mat space indicator if : X — {0,1}. The set of all states for
to improve the solution quality. A third approach [2] exam-which f(x) = 1 is called the free space (or the collision free
ines the restricted class of problems that permit bidiometi  space) and is denoted ;. The functionm : X x A — X
extensions and lack differential constraints. Our profosds a black-box deterministic forward model of the system
algorithm outperforms the first two methods, and is moréynamics, where at timethe agent takes the actien and
general than the third. the agent goes to the next state.; = m(z:, a:). The cost

First, we present a formal characterization of desirablginctionc : X x A — R associates a cost with every step. (A
properties for an anytime planning algorithm. We reviewcollision can be modelled by setting_ ; to a collision free
popular approaches to planning algorithms and argue thette and/or setting the cost to infinite). Although the perob
they do not satisfy these properties. Then, we presetfully specified by the above formulation, solution method
RRT", an anytime extension to the RRT algorithm whichmay require auxiliary structures. In particular, with RRE® w
satisfies some of these properties. Finally, we presentrexpassume the existence of a setpoint controtlett x ¥ — A
iments that demonstrate the ability of the new algorithm tehat takes a current state and a target state as inputs and
efficiently approach optimal solutions in a cluttered eomir returns an action that brings the agent's state closer to the
ment. target.
Il. PROBLEM EORMULATION A trajectory.J is a connected sequence_of state and action

. o . steps,J = {(x(t),a(t))}+eq1,....}, WhereL is the trajectory

We consider the problem of planning in continuous statfangth. For a non-feasible trajectory, namely one that does

and action spaces with non-linear deterministic dynamicgyt terminate in a goal state, the cost of the trajectory s se

We are interested in anytime algorithms for a single query, pe infinity. The cost of a feasible trajectory is given by
problem. The planning agent has a set of actighs R"  ihe sum of the costs of the steps.

and the environment states are given by theXet R<.

P=<a’g,fmc>

An anytime planning algorithmd is a potentially non-
Department of Computing Science, University of Alberta, dm terminating computation that takes a planning problem as an
{abbasiya, jnodayil, szepesva}@iual berta.ca input and can be asked for a solution at any point in time.



We restrict our attention to anytime algorithms for which [1l. EXISTING ALGORITHMS

the cost is monotonically decreasing, as this can easily be first introduce two problem features that affect popular
satisfied. We consider time to be constrained by the ”Umbﬁfgorithms. If the wall in Figure 2(a) is thin and blocks

of calls to the specification functions of the problem. Lepassage, then we call it marrow blocking wall (NBW).

i € N be the number of such function calls (interactionsjs there is a freespace region which is thin (shown here
when algorithmA is run on problemP. We shall denote \yith width ¢) but passable, we call it aarrow passage

the output/ of A (a trajectory) at this time on problem  (\p) These problem features naturally affect discreteesta

P by J = A(P,i). Also note that we consider randomized,pproaches and also affect sample based approaches. Assume
anytime algorithms, namely given the same inputs, the dUtpyn a|gorithm tests some actions in some states to find the
could vary randomly. We le§ (Saec) denote the set of such go|ytion, If it hits an obstacle and the algorithm is optitisis

randomized (deterministic) algorithms. (i.e. assumes that the obstacle is not large and does ndt bloc
Define the cost of an op'tlmal plan _ the passage), then this algorithm will get stuck indefigibel
c(P) = AeslilmieNC(A(P, i) the presence of a narrow blocking wall. On the other hand, if
Define the expected regret of an algorithm afterteractions the algorithm is pessimistic (i.e. assumes that the olesiacl
to be large and blocks the passage), then this algorithm is net abl
pr — min(E [¢(A(P,))] — ¢ (P), RY). to find a narrow passage. We place both of these features

Thus, R* > 0 is the upper bound on the regret. Whe into a sample problem calleg(¢), as shown in Figure 2. In

is finite, the meaning oRR* is that a trajectory with a cost th|s_example a kinematic model is assgmed. .
above R* is as useless as not knowing a feasible solution, First we review a common problem n the existing algo-
Thus a finite value of* allows us to quantify what we rithms. Then., we review existing algorithms and show that
mean by plans that are useless in practice. they are subject to this problem.

We define thefeasibility time F'(A, P), as the expected A. Solving an abstract problem (SAP)

time for an algorithmA to find a useful solution for the Many algorithms simplify the original problem by first

problem P F(A,P)=E [[{3} , building and solving an abstracted problem. For example,
where " o _ i they may remove the obstacles in a map or learn a heuristic
Ip = min{i | c(A(P,i) < R"} for the map. They may discretize the problem by placing

is the (random) number of interactions that algorithtn a grid over the state space, find the shortest path over
needs on problen#” to produce a trajectory with cost lessthis grid and then search for a sequence of controls that

than R*. . . _ _ _ keeps the robot near this shortest path. However, a solution
We say an anytime planning algorithm is @symptotic) to the abstract problem may not correspond to a feasible
no-regretalgorithm for a problem? if solution for the original problem, and conversely solusion
. A to the original problem may not be feasible solutions for
lim R;'p =0. .
imoo the abstract problem. Hence abstractions can lose sousdnes

This means for any problem, the returned solutions wilfompleteness, or both.

eventually be arbitrarily close to optimal in expectation. L€t us now review some existing approaches. We start

Algorithms which do not have this property amgretable ~ With some stylized algorithms that attempt to work with an
We say an anytime p|anning a|gorithm is wniform abstraction to illustrate some issues.

(asymptotic) no-regrealgorithm over problem clasp if B. Iteratively Refined Action Spaces

Zl_iglo sup Rf}p =0. One algorithm to find near optimal solutions is to use
pep discrete action planning methods by incrementally refining
Note thatsup pep Rf}P is the worst-case regret ovgr after the discretization of the continuous action space (which we
i interactions, i.e., this value bounds the regret irrespelgt  shall call IRAS). This approach tries one level of actioncgpa
of the problem. The interesting problem in connection to thdiscretization, and then refines the discretization when no
uniform no-regret property is to characterize the largest ssolution is found up to a given trajectory length 6f of
of problems (specific to a chosen algorithm) for which thection sequences. For example, we could define an action
uniform no-regret property holds. granularity of1/e in each ofd dimensions, and consider all
Having a small feasibility time and being a no-regrepaths up to lengthV/c for some problem specifiév. As
algorithm are desired properties. However, these are crutle algorithm would eventually consider all possible paths
concepts and only represent minimum requirements. In pat-would eventually consider trajectories with costs theg a
ticular, that one of these desired properties holds for aarbitrarily close to optimal. Thus this is an asymptotic no-
algorithm does not necessarily translate into a good practi regret algorithm:
performance. However, not having one of these properties Proposition 1: IRAS is a no-regret algorithm faw(e)
usually means that something is not right with the algorithmUnfortunately, it will often take an extremely long time to
In particular, in such cases we expect that the algorithmenerate a feasible solution. As this approach considérs al
considered will have difficulties on some practical probdem possible action sequences, it must search exponentialty ma
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Fig. 2. The planning problems we consider in this paper. Efter S is at the start state, and the green circles are ggiahee The brown blocks are
obstacles. a) The map(e), used for analysing common problems for anytime algorithi)sA map with multiple narrow passages. The width of each
wall is 10 and the size of each narrow passagd.ié. c) An example of a realistic cluttered environment whereTRRIl often return a substantially
suboptimal path.

leaf nodes until it finds the goal. For thée) problem, the until a passage is found, which again may take a long time
solution time is governed byl/e)"” wheren = L/S and in p(e).

L > 1 is the length of the shortest path between the start

state and the goal, antl = ¢ is the step size. D. Motion Planning

iti . — 1/e

Proposition 2: F(IRAS, p(e)) = ©((1/6)'/°). When using classic motion planning [4], [3] for a problem
C. Incrementally refined state spaces with dynamics, the common approach is to first solve an

Given the difficulty of handling all possible action trajeet abstract problem without dynamics and then search for
ries, one popular alternative is to perform a discretizatip  cONtrols that move the robot along the solution path. This
the state space. This approach has the benefit of potentigpProach ignores the differential dynamics of the problem
sparse state to state transitions. Unfortunately, whetireon and can get StUCk_ even with mcreas_ed resolutlop. Henpe,
uous dynamics are involved, it is nearly impossible to findh® proposed solution may not be feasible due to differentia
an abstraction of the state space which fiducially captur&§nstraints of the problem. From this classical approau, t
exactly the state transitions that are possible in the maigi MOSt popular for multiple query problems are Potentialdiel
problem. Thus after generating an abstract state space, MAgthods [4] and Probabilistic Roadmaps [3].
options are to introduce transitions between abstracestat The state-of-the-art algorithm that incorporates dynamic
A and B for which 1) there exists “some” original statefor a single query problem is the Rapidly exploring Random
a (that maps to A) that under some action will transition'rees (RRT) algorithm [5]. The main idea in RRT is to
to some staté (that maps to B) 2) a “usually” version of randomly pick states in the free space and extending the
the previous, or 3) “all” original states in A can transitionPlanning tree towards that state. The pseudo-code of RRT is
under some action to all original states in B. Guaranteeingown in Figure 3.
condition 3 is infeasible in practice, so some version of 1 or We also assume that the given freespace sampling func-
2 is typically used. tion f generates uniformly distributed states from the free

The lack of a veridical representation causes the prolspace. We use rejection sampling to implement this sampler.
lems mentioned above with solving an abstract problem. IHowever, sampling states from the free space can in general
particular, the algorithms that are optimistic in definitigt be expensive.
transitions have difficulties with narrow blocking wallsath ~ First, note that RRT is not constructing an abstract prob-
partition the reachable states within a state abstractibns lem. Although RRT samples random states and tries to
paths that appear feasible in the abstract problem turnooutget to them, itconsidersa sub-goal for only one time-
be completely infeasible in the original problem. As a resuistep (notice the difference betweennsideringa sub-goal
these algorithm will fail to find an optimal solution. and committingto a sub-goal). Also, because RRT does

Proposition 3:If A is an algorithm which solves an not build the planning tree in an exhaustive fashion, it
abstract problem with optimistic transition structure rthe is able to efficiently handle the continuity in the action
F(A,p(e)) = oo and the feasibility time in general is space. Compared to dynamic programming algorithms, a
inversely proportional to the width of the narrow blockingdisadvantage of RRT is that the model is assumed to be
wall. deterministic.
This problem affects many popular approaches for discrete Although RRT is guaranteed to find a feasible solution [6],
state spaces including*. the solution quality can be arbitrarily bad. Furthermohe t

The other possibility is making the algorithms pessimisticplain RRT algorithm can not use additional computational
In this case the algorithm will need to refine the discretimat resources to improve the quality of its first solution.



Input: «® (starting state),g (goal function),m (a Input: «® (starting state),g (goal function),m (a
generative model)x (a setpoint controller),, (a generative model)x (a setpoint controller),, (a
metric),u(X;) (a sampler from the free spac¢)(the metric), u(X;) (a sampler from the free spacej,
free space indicator function). (the free space indicator function)(a trajectory cost
Output: A solution trajectory. function), (computational interaction budget).
Let 7 be a set of states, initialized b = 0. C saves the total computation used.
T=TU{z*}. J* saves the best trajectory found.
while Goal Not Founddo b = oc.

X =u(X). while C' < i do

Y = argminy., . p(Y’, X). Let 7 be a set of states, initialized b = 0.

A=k(Y, X). T=TU{z*}.

Z =m(Y,A). J = RRT (2%, g, m, k, p,u(X1), f).

Add Z as a child toY'. UpdateC.

T=TU{Z}. if ¢(J) < b then

if g(Z) =1 then b=c(J).

Goal is Found. Return the solution trajectory StoreJ* = J as the best solution.

end if end if

end while end while
ReturnJ*.

Fig. 3. The RRT Algorithm

Fig. 4. The Repeated RRT {f ) Algorithm

Proposition 4: Even with trajectory optimization, RRT is
regretable fomp(e). simple, this approach has desirable properties. Unfotélya
iy this approach can be slow to converge on problems where

V. RRT RRT repeatedly finds poor paths.

Our proposed method, RRT, is an extension of RRT to ~ From the base RRT algorithm,*R also provides the
an anytime algorithm that quickly finds a feasible solutionfast feasible solutions. However, it is an asymptotic no-
and incrementally improves this solution when given addiregret algorithm for the problem(c), as there is some non-
tional time. It will return solutions as quickly as the RRTzero probability of selecting a sequence of points within an
algorithm. As time progresses, its solutions will approachrbitrarily small window near the optimal path.
the minimal cost. Proposition 5: R*T is an asymptotic no-regret algorithm

The RRTH algorithm is based on the observation thafor p(e).

RRT is rapidly exploring the state space, but it needs to Proposition 6:Vp, F(R*T,p) = F(RRT,p)

explore the path space. The planning tree has a number ofAs a side note, despite similarities t6R, the Anytime
branches. For optimality, one of these branches needs to RRT [1] algorithm is regretable fop(¢), as the algorithm
close to an optimal path. The difficulty is that a desirablean set an unattainable cost bound.

branch may only be partially developed by the time the other By destroying the entire search tree between rung, R
branches are arriving at the goal. takes a crude approach to achieving improved plans. Another

For example, consider the problem in Figure 8(a) ofmore delicate solution is to cut just sorbad branch that
moving from the starting state S to the goal G. There are twaached the goal, and continue running RRT with the remain-
relevant branches in the map: bl is following the optimatier of the search tree. The idea is to clear the space around
path and b2 is going through a sub-optimal route. Durinthe goal to let other branches grow. This approach raises the
the execution of RRT, many attempts to extend bl wiljuestion of where the tree should be cut. Intuitively, we twan
fail because bl needs to go through some narrow passagescut the tree at a node that forks into two or more large
Hence, b2 will develop and reach the goal faster than bl1.branches, such that one of these branches leads to the goal.

Consider the consequence of making RRT an anytime Assume there is a trajectory that connects the node
algorithm by continuing to grow the original search treghe goal, and let/(7,z) denote this trajectory. LeE (T, x)
after the goal has been reached. If RRT tries to exterttke all children ofz that are not i/ (7, z) and letD(T, x)
bl by sampling more states, b2 wabsorb samples near be the child ofz that is inl{(T, ). Consider all trajectories
the goal and prevent bl from growing towards the goal. ItV = {z,2’,...}, wherez’ € Z(T,z). Let £(T,xz) be the
Figure 8(a), a sub-branch of b2 has blocked b1. longest such trajectory.

This argument suggests that it is futile to make RRT an For example, consider Figure 5. In this figure, some nodes
anytime algorithm by continuing to add new samples to théD = D(7,S), D1, D2, B, M, F) are shown with hollow
tree. Another simple approach to improve solutions for anircles and some trajectorie$/(7,S) and £(T,S)) are
anytime algorithm is to run RRT repeatedly, starting with ashown with dashed black lines. In this figutg(T,S) =
empty tree for each run. We call this method Repeated RRID1, D2}. Intuitively, we want to cut nodé®(7,.S) and its
(R*T ). This algorithm is shown in Figure 4. Despite beingdescendants from the trée and continue running RRT.



Input: x° (starting state),g (goal function), f (a
generative model) (a setpoint controller)y (a met-
ric), N (number of cuts); (computational interaction
budget),d (reset probability).

C saves the total computation used.

c¢=1is a counter.

U(T,x) = {xo,2z2,...,zr}, E(T,z), andc*(T, x)
are defined in the text.

Fig. 5. A portion of the planning tre§ after reaching a goal state.

We indicate nodes on the tree with hollow circles, and ttajees with Let 7 be the set of states, initialized By = (.
dashed lines. This simplified tree graph shows a child nodé&, S) of .S, while C < i do
the trajectory that passes through this child to the @ogl’, S), and the : e _
longest disjoint sibling trajectong (7, S). With probability §, 7 = 0.
T =RRT(z*, g, f,5,p, T).
We find a statec* such that UpdateC.
L %) = . = s
o = argmax U(T,2)| +ET.2), @) StUll o) = 1ao, ., am} (s0m = (T, 27))
C€U(T %) r=( mod (¢, N) +1)/N.

@ =Ty
©* = argma, ey 7 p0) U(T,2)| + (T, 2)|.
Cut D(T,z*) and descendants froffi.
c=c+1.

end while

where| 7| is the number of elements in trajectagy. Then,
we removeD(T,z*) and its descendants from the trge
and continue running RRT.

This intuition is a heuristic and can fail. Consider Figure 5
again. Assume the optimal trajectory goes fréirio B to
F and then follows the dashed line. Then the right point to
cut is M. But even if|E(T,S)| was substantially smaller
than what we have shown in this figure, the solution to V. SIMULATION RESULTS

Problem Lis St'”“T. =D(T,5) (?"”_‘p'y. becaus¢7/{(7'_, 9l We use the RLAI Critterbot robot simulator [7]. We model
is large and dominates the optimization). Hence, if only a

. . . wheeled r [ in 120 m hown
small improvement at the very end &7, z%) is possible, a two wheeled robot situated in tw@0 x 120 maps sho

: - T ) in Figure 2. The simul r has non-trivial dynami
this heuristic probably cannot find it. Note that this proble . gure €s l.Jate.d ObOI. as no trivial dynamics
T including substantial inertia and limited torques. The snas
doesn't exist in Figure 8(a).

: S 5
We introduce a cyclic incremental fallback method 0> L1kg and the moment of inertia 004217k x m". For

overcome this problem. Consider a cyclic counter= ( simplicity, we performed the collision detection only fdret

mod (¢, N) + 1)/N, where N € N is a constant algorithm center of the robot, effectively transforming the robotxil

arameter and < N increases by one after each executior%0 a point,
P y Let the top left corner of the map be the origin and the

of RRT. LetU (T, z°) = {xo = 2*,..., 2} be the solution : S :
trajectory found by running the last RRT algorithm. Then Wehonzontal and vertical lines be the two coordinate axeg Th

. . State is a 4-dimensional vectar= , Where
consider only the descendantsadf= z|(;_,, (i.e. al—r (@1, 22, 23, 4)

fraction of the solution trajectory) for the cut operation: 1 and xg.are coordm_a_tes of the rpbo_t, and whare= i, .
andz4 = @9 are velocities. The action is the torques applied

z* = argmax [U(T,z)|+ |E(T,z)|. to the robot wheels. Instead of using a setpoint controller
T €U(T ") to generate actions, we restricted action selection to éne o
After cutting z* and its descendants frofM, we increase three discrete actions. The metyion the state space is the
¢ by one and run RRT again starting with the smaller tre€zuclidean distance.
This procedure continues until our computational budget is For these experiments, the cost of a single step in a path
ended. The pseudo-code for the RRTalgorithm is shown is the two dimensional distance travelled by the robot. In
in Figure 6. the case of a collision, the cost is infinite (and the forward
Although RRT'" is designed to be better tharPRin  model returns the original state).

practice, it is not clear that the algorithm as described The starting state in the maps (marked with an S), and the
above has the no-regret property. We restore this propeigyeen regions (marked with G) represent the goal regions.
by including random restarts (with a tiny probabilify to The maps are designed such that there are multiple paths

Fig. 6. The RRT* Algorithm

recover the no-regret property. from the start to a goal that are not homotopic. For each goal
Proposition 7:Vp, F(RRT"", p) = F(RRT,p) position, the shortest path has narrow passages that makes
Proposition 8: RRT is a no-regret algorithm fop(¢).  the planning problem difficult.
The fact that random restarts allow RRT to trivially We compare the performance of RRT and BT on the

gain the no-regret property shows that the no-regret ptppemproblems in Figure 2. For the first map, we solve two separate
can be considered weak. Note however, that this property ganning problems with goal centers 6f and H. In the

not so weak that it is easily achieved by all the algorithmsecond map, the start state§sand the center goal state is
considered earlier. G. The radius of the goal region is= 4 in both problems.
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Fig. 7. In all these graphs, red is’R and blue is RRT*. The vertical bars show 95% confidence intervals from ters.r@@) The results for goal state
G for the map in Figure 2(b). (b) The results for goal statdor the map in Figure 2(c). (c) The results for the clutteregnm Figure 2(c). These graphs

show that RRT T can find substantially improved plans.
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(a)
The shape of the RRT" planning tree (a) before a cut, (b) after a cut, and (c) ontewadly finding a near-optimal solution. Different colors
indicate different robot orientations. In (a) the solutisrsub-optimal and the bad branch has blocked the good hrémgh), the bad branch is removed
from the tree. In (c), RRT* has found a near-optimal solution because bad branchesdsmdieared away by earlier steps.

(b)

(©)

Fig. 8.

The cost of RT and RRT " is the CPU time in seconds. properties for an anytime algorithm, and we showed that
The performance criteria is the solution length, which iRRT""has desirable properties. In addition to this theoretical
the sum of the Euclidean distances between consecutisiucture, we provide empirical results that show RRT

positions in the solution trajectory.

Figure 7 shows the performance of Rand RRT " on
the above problems. The results show thdfl Rloes not
converge quickly towards the optimal solution, but RRT
shows substantially better performance.

converges towards optimal solutions on problems where RRT
reliably finds substantially suboptimal solutions. Moregv
we show that RT does not efficiently converge towards
an optimal solution in a realistic cluttered environmenmt. |
comparison on the same problem, RRTis able to use

Figure 8 shows how RRT" modifies the search tree. Fig- additional computational resources to efficiently redunsts
ure 8(a) shows the search tree just before the cut operatiado.a near optimal solution.
Trajectory b2 is the last solution trajectory and b1l is a near
optimal trajectory. Figure 8(b) shows the search tree #fieer
cut operation. The cut point is very close$cand trajectory
b2 is gone. Figure 8(C) .ShOWS the S?amh tree when a soluti S. Karaman and E. Frazzoli. Incremental sampling-baalgdrithms
after the cut operation is found. Trajectory b1 has reacbed t = for optimal motion planning. IRobotics: Science and Syster@g10.

the goal. This trajectory is the same near-optimal trajgcto [3] L 'fjavraki'fp- SVEthklay J-C '—_af%mlr)]ea_and M. OYEFm?fS-bBWSﬁC
LT roadmaps for path planning in high-dimensional confignratpaces.

that we have Shown_ in Figure 1. . o IEEE Transactions on Robotics and Automatid896.

In separate experiments, we examined modifications sugi J-C Latombe.Robot Motion PlanningKluwer Publishers, 1991.

gested by other papers. We examined the use of heuristt S:M. Lavalle and J.J. Kuffner. Randomized kinodynamienping.

. . . International Journal of Robotics Reseay0(5):378-400, 2001.
biases to the search [8] We also examined the idea Eé]j S.M. LaValle and J.J. Kuffner. Rapidly-exploring ramdotrees:

extending multiple nearby branches towards a node, as in Progress and prospecilgorithmic and Computational Robotics: New
the RRG algorithm [2]. In our experiments, both variants[ Directions pages 293-308, 2001.

3 . 7] RLAI. Critterbot simulator, 2009. http://critterbot.community.org.
performed worse than th&*1" algorithm. [8] C. Urmson and R. Simmons. Approaches for heuristicaigsing RRT

growth. InIEEE/RSJ International Conference on Intelligent Robots
and Systems2003.
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VI. CONCLUSION

We have introduced RRT", a new anytime extension of
RRT that quickly generates feasible solutions, and asympto
ically approaches optimal solutions. We introduced déséra



