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Abstract: The Team Coordination on Graphs with Risky Edges (TCGRE) is a recently
proposed problem by Limbu et al. in 2023. It is a framework built to promote coordination
between agents, who are traversing a graph with risky edges in order to minimize the total
cost of traverse. Both hard computing and reinforcement learning approaches have been
used to try to solve this problem efficiently. We are introducing our soft computing method,
utilizing the Ant Colony Optimization Metaheuristic which aims to reduce the runtime and
memory requirements of the previously mentioned methodologies by taking advantage of the
fact that to solve the TCGRE problem, effectively means to select the coordination pairs and
their order. In this paper we present our approach, compare the results with previously
published ones through rigorous testing and pinpoint further research directions.
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1 Introduction

Multiagent path finding (MAPF) [1] is an emerging topic of robotics in recent years
[2]. More use cases are defined where robots interact with each other and cooperate
to efficiently solve a task at hand. Examples of this include but are not limited to
delivery [3], warchouse and storage management [4] and public transport [5].
Furthermore, as much research revolves around soft computing optimization
algorithms (SCO) [6], how they can be successfully taught [7] and their possible
applications, including investments [8], risk assessment [9], and control systems
[10] the combination of the two fields hold great potential.

In this study we focus on a problem that combines path planning on a graph with
cooperation, by allowing agents to reduce the cost of certain edges through
coordination. We review previous solution proposals, present our novel approach
and point out the advantages over earlier methods.
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The recently proposed Team Coordination on Graphs with Risky Edges (TCGRE)
problem [11] introduces a framework to model cooperative multiagent planning
tasks. In this setting, multiple agents have the task to traverse on a graph between
their respective start and goal nodes. To represent the possibility of pairwise
cooperation between agents, so-called coordination pairs are introduced. They
consist of a node (support node) and an associated edge (risky edge) from the graph.
An agent in the support node can choose to give support to an agent traveling
through the risky edge. In this case, the moving agent can do so with a reduced cost.

Solutions proposals for the problem have already been made [12]. These guarantee
optimal solutions with varying constraints. However, they do not scale well with
increasing the number of agents and coordination pairs. In an effort to achieve better
runtime for larger problems, reinforcement learning based methods have also been
examined [13], with some extent of improvement.

This paper introduces a novel solution proposal of the TCGRE problem, which
achieves the effectiveness of the reinforcement learning based approach, with lower
complexity thus decreasing the time and memory required to solve the problem.
The new approach uses Ant Colony Optimization (ACO) [14] to take advantage of
the fact that a solution can be built step-by-step, and the evaluation of each possible
component can be done based on the location and goal of the coordinating agents.

In Section 2 the recent work around the TCGRE problem and the ACO technique
are shortly described. Following that, the TCGRE problem is reformulated, in a way
that suits our approach better in Section 3. The proposed algorithm is presented in
Section 4, and the achieved simulation results is discussed in Section 5. Finally, the
paper is concluded by summarizing our work and pointing out future goals.

2 Related work

Since the introduction of the TCGRE problem in [11], multiple solution approach
has been proposed. In this section these are briefly discussed, and the contribution
of this paper is highlighted relative to them. Thereafter, the ACO metaheuristic is
also presented, as it is the main background of the contribution.

2.1 Previous solution proposals of TCGRE

2.1.1 Joint State Graph

The Joint State Graph (JSG) method presented in [12] tackles the TCGRE problem
by expanding the graph on which the agents are moving. In this much larger graph
(the JSG), each node encodes a possible configuration of agent positions on the
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original graph. An edge is present between two nodes of the JSG if each agent must
traverse only one edge in order to move between the respective configurations.

This way the TCGRE problem can be decomposed into two subproblems. First, the
optimal coordination assignments are computed for a single edge of the JSG,
through an Integer Linear Program (ILP) [15]. Then any classical single agent path
planning algorithm (e.g.: Dijkstra’s [16]) is capable of providing the optimal
solution.

Although the single agent path planning has well established solutions, the ILP is
an NP-hard problem, causing long evaluation times. However, the exponential
memory consumption is an even more significant drawback of this approach. Since
a single node in the JSG encodes a possible configuration of agents on the original
graph, the JSG will have O(|V|Y) size, where N is the number of agents and |V] is
the number of nodes in the original graph. In order to mitigate this problem, the
Critical Joint State Graph has been introduced in [11]. Each agent can travel
between the start nodes, coordination pairs and goal nodes disregarding the rest of
the agents. This way the path between such nodes can be replaced by single edges
and all the others can be omitted, reducing the decision space of the optimization.

The method, presented in this paper sacrifices the exact optimum to reduce
execution time, compared to the JSG approach.

2.1.2 Coordination Exhaustive Search

To find balance between optimality and runtime, the Coordination Exhaustive
Search (CES) algorithm has also been introduced in [12] as a solution proposal with
a restriction over the TCGRE problem. This approach assumes that each
coordination pair is present in the optimal solution for a given, fixed number of
times, thus opening the possibility of exhaustive search in this (constrained)
solution space. The resulting algorithm’s computational complexity increases
exponentially with the number of possible coordination pairs.

With our previous work [17], we were able to enhance this to some extent, which
made the calculation feasible for a few more agents and coordination pairs, but the
applicability is still limited. The ACO based method cannot compete with CES in
terms of computational costs, but it is much less restrictive, providing a different
trade-off between optimality and runtime.

2.1.3  Reinforcement learning approach

Two reinforcement learning (RL) approaches are presented in [13]. One uses
reinforcement learning as an optimization framework, to solve a single TCGRE
problem, the other is to learn a single policy that can be later evaluated on any
TCGRE problem instance. Here, the problem is converted into a Markov Decision
Process formulation, with a state space of size O(|V|®N) where N is the number of
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agents and |V| is the number of nodes in the original graph. The RL algorithms were
able to handle around 3-4 agents and 15 nodes in the graph, with an optimality above
70% of the JSG. Although our novel approach aims to compete with such methods,
direct comparison is not possible with these algorithms as we don’t have the means
to reproduce the results and exact data of evaluation time is not provided by the
authors. However, the achieved effectiveness is of the same level, and the sheer size
of the optimization space used in the RL approaches strongly suggests that their
computational cost is much higher than the one presented in the current paper.

2.2 Ant Colony Optimization

Ant Colony Optimization is a group of heuristic approaches, widely used on
combinatorial optimization problems [14]. ACO is applicable to such problems,
where solutions can be constructed gradually from components. During execution,
multiple solutions are built in parallel by virtual ants. Each solution component has
a T; pheromone value assigned to it, indicating the desirability of that component.
In each construction step, the next component is chosen stochastically, usually
according to (1), where 1 is a heuristic value assigned to component i and «, § are
parameters to adjust the importance of the pheromones and heuristic values.

wfn?

pi = Q)

2 Tflnf
After a complete solution is constructed, its cost is calculated and the pheromones
assigned to the components that are present in the solution are updated. Many
update strategies exist, e.g.: to update all components, only update the components
of the best solution of the current iteration or the best solution so far, etc. This is
repeated until a maximum number of steps, there is no improvement on the
objective function. The main steps of the procedure are shown in Algorithm 1.

Algorithm 1: ACO metaheuristic

1  Setparameters, initialize pheromone values

2 while termination criteria not met do
3 ConstructAntSolutions

4 ApplylLocalSearch (optional)

5 UpdatePheromones

6 end

7  return Best solution
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3 Problem formulation

After the brief overview of related work, the problem is formally described in this
section. For the sake of completeness, first, the definition of the TCGRE problem
is given, based on [12]. Then, the formal optimization problem is presented in a
novel form that suits our approach better.

Let a risky graph be defined as a G = (V, E) graph, where V = {vy, v, ..., vy} is
the set of nodes, E = {ei‘ ;= (vl-, vj)lvi, v; € V} is the set of edges. Furthermore,
the cost of traversing each edge is given by e;; = ¢; ; € R*,¢;; = 0 where e; j €
E. A set of risky edges is selected from G as E' € E, and a reduced traverse cost is
associated with them: e;; = ¢;; € R* Ve, ; € E'. A set of support nodes is also
chosen as § € V. The assignment between the support nodes and risky edges are
given by SP c S X E' and are called support pairs.

Note that the cost of giving support can also be defined, however it can be
incorporated in the reduced travel cost of risky edges according to [12].

Inthe TCGRE problem, a set of N homogeneous agents travel through a risky graph,
given as G, = (V, E,c;j,SP,¢; j). Their start and goal nodes are respectively
defined as V, = {vo‘l, V0,25 wees vO‘N}, V= {Ug,p Vg2s e vg,N} c V. The agents
can take in each timestep either a support action or a movement action a €
{51,582, .., sy} U {mi‘jl\fei‘j € E}. A movement action m;; simply results in the
agent moving from v; to v; at ¢; ; cost if it is not supported and at ¢; ; cost if e; ; €
E' and the moving agent is supported by another one. During a support action s;,
an agent provides support to agent i, thus it can traverse a risky edge with reduced
cost. The goal is to find a course of actions for each agent, which drives it from its
start to its goal node, while minimizing the total traverse cost. A constrained
optimization problem can be formulated that solves this task. It is given by (2)-(7).

The objective function to minimize is given by (2), which is the total cost over all
agents and timesteps. The cost calculation (3) states that the support is costless
(moved to the traverse cost of the risky edge). In case of a movement action, reduced
traverse cost can be used if the traversed edge is risky and there is an agent
supporting the traverse. Otherwise, the regular movement cost has to be included.
As for the constraints (4) ensures that only valid movements can be performed, (5)
restricts movements to be on continuous paths, (6) sets the start and end of the path
as the given start and goal nodes, and (7) allows only one agent to support another
one at a time step. This formulation does not restrict senseless support, but since
both supporting and staying in place have 0 cost, it is indifferent.

-139-



1zs6 et al. Solving Team Coordination in Graph with Risky Edges with Ant Colony Optimization

N T
min ) ) Clan) @)

1sn<N n=1t=1
1<t<T

0 ifa,; = sy
Clan:) =146, if Ane=m;jAe;j €EE Nay, = s, 3)
Cij otherwise
Ww.r.t.
anlt =milj (= ei‘j €EE vn € {1, 2,,N},Vt € {1, 2,,T} (4)

vn € {1,2,..,N},vt

a =m;; <= a =m,; 5
n,t i,j n,t+1 j,k € {1’ 2’ " T — 1} ( )
a 1 =m-'-<=>17- =170_ )
a L YnE{L2,., N (6)
nT — i,j Jj — Ygmn
Ay =S, © Aa,; =S, N
wt T em ot = M yn,m,o € {1,2,..,N} (7

#0

4 Proposed algorithm

Now that the problem is thoroughly defined, our solution proposal is described in
this section. In order to utilize the ACO metaheuristic, a representation has to be
found, which allows the solution to be built gradually, component after component.

As the CES approach has already pointed out, the TCGRE problem can be thought
of similarly as a Sequential Ordering Problem (SOP). In the SOP, the order of some
elements determines the cost, which should be minimized by rearranging them. In
TCGRE the agents move individually between support pairs and waiting has zero
cost, therefore, a solution can be built as an ordering of support pairs with agent
associations. As ACO has already been effectively applied on the SOP problem
[18], applying it to TCGRE is a well-founded objective. However, one important
difference is that in case of TCGRE it is not required to incorporate every
component, unlike the SOP. A direct conversion to the SOP problem representation
could be performed like the case of the JSG, but it would not solve the problem of
exponential memory consumption. In our approach we chose a different way to
model the problem, allowing us to take advantage of symmetries, resulting in
significantly reduced memory usage.
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To be able to apply ACO, first the solution component and pheromone
representation must be declared. Furthermore, a heuristic approximation of the
utility of a solution component should be defined. Then, the component selection
and pheromone update method should be selected. These steps will be detailed in
the rest of this section. The optional local search step of the metaheuristic has not
yet been incorporated.

4.1 Solution component

As mentioned earlier, the agents move independently between the coordination
pairs, so optimal paths between them can be computed individually. Because of this,
the optimization problem’s decision space can be greatly reduced if the solution
components for the ACO algorithm are defined as more complex manoeuvres,
rather than individual actions. This way two major types of behaviour have been
recognized. An agent either collaborates with one (or later more) agent or
individually moves to its goal node. That is why the following two types of solution
component (SC) were defined:

o A support solution component (SSC) consists of a supporting robot,
receiving robot and a coordination point, represented as the (1, 1., cp) €
N X N X SP triplet, and means that robot 7; is going to provide support to
robot 7;. at the coordination point cp

o A goal solution component (GSC) consists of a single robot r that will
travel directly to its goal node

A solution for the TCGRE problem can be represented as a sequence of such
components, where a goal solution component must be the last for each robot, after
which that robot cannot be used in other solution components. This way, the
multiagent behaviour can be formed by selecting one solution component at a time.

4.2 Pheromone representation

The pheromones encode ‘how desirable’ it is to select a solution component, which
can be decided based on the cost of the solution component. However, the cost is
not a constant value, but dependent on the current state of the robots, which is given
by their location on the G, graph:

Vagents evy (8)

Now the cost of a goal solution component can be defined as the cost to traverse to
the robot’s goal node, as given by
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Cesc(r) = Path(v,, vg,r) 9)

where r defines the robot being considered, v, is the location of the robot stored in
Vggents and vy, is the goal of r. The Path(v,,v,) function is considered to
calculate the cost of the path with the lowest cost between v; and v, on G,. Since
we defined the cost to be positive, Dijkstra’s algorithm [16] can be used for this

purpose.

In case of a support solution component, the cost must include both agents’ traversal
cost to the coordination pair’s respective nodes and the cost of the coordination (cost
of traversing the risky edge

Cssc (1,17, cp) = Path(vy, v ops) + Path(vy,, vep,) + Ecp (10)

where 7; is the supporting robot, 7. is the receiving robot, v, and v, are their
respective locations from Ve, Cp is the coordination point with v, ¢ as support
node and vy, ,- is the endpoint of the risky edge that is reachable by 7. with the lower
cost. C¢p is the cost of traverse over the risky edge.

Since cost fundamentally affects the desirability of a choice, the pheromone
representation should depend on everything the cost does. Furthermore, a
coordination pair might have different utility if the agent is going to different goals.
Based on these observations, we define the pheromone structure to consist of two
parts: one for SSC and one for GSC as

TI9 € REICPI+IVoDx|Vg] (1)

TS € REICPI+IVol)x(2ICP|+[Vo)xICPIx[Vg|x|Vg]

TY contains the pheromones for goal components. The value depends on which goal
the agent is going to (|l{q| number) and the location of the agent (2|CP| + |V,
number since only start points and coordination pairs have to be considered). The
pheromone values for the possible support actions are stored in T® which for each
coordination pair (|CP| number) depends on both the current and goal locations of
both agents. The following function is defined as a unified notation of a pheromone
value associated with a given solution component SC, depending on the current state
of the agents given by Vg gens

Tagentslrsl [rrle if SC =
_ gentslTslVagentsltrl.cD Vg reVgry if SC = (‘r' , 1, Cp)
Tsc(Vagents) = 7 if SC = 7r‘ (12)

Vagents[r]yr
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where T marks the elements of T with the indices defined by the subscript.

4.3 Heuristic values

In addition to the pheromone values, which meant to represent the utility of a
solution component based on experience, heuristic values should be defined which
give an initial approximation of the desirability of each solution component. Two
of such values have been examined.

The first one considers only the cost that is directly added by selecting a solution
component, i.e. cost-to-come

1

c ( ) if SC is SSC
1,1, CD, U
n§e(vag) =4 7] P»Vag. (13)
if SC is GSC
Cosc(r)

The second one incorporates a simple predictive element, also adding the cost of
going directly to the agent’s goal after the coordination, i.e. the cost-to-go

( 1
v ( )+C )+ o) if SC is SSC
Vs) Ty €D, Vg, T n
n;ég(vag.): SSC\'s»'r ag i GSC\'s GSC\'r (14)
if SC is GSC
Cesc(r)

4.4 Solution component selection
While building the solution, each component is selected probabilistically based on
the pheromone and heuristic values, as given by (1). However, not all solution

components are feasible in each iteration because some agents might be already in
their goal locations. Let

byctive € {True, False}" (15)

store for each agent whether it had reached its goal or is still active. Based on this
the set of feasible solution components can be defined as

F(bgce) = {SSC| byt [1] Abgce [1] = True} U{GSC| boce [r] = True}  (16)
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which is the union of support solution components where both participating agents
are still active and goal solution components for every active agent. Using this
notation, the general equation of (1) can be written as

T5c(Vag) ﬂfc(vag.) if SC € F(byet)
act.

Psc(Vag, bace.) = S56eF (ace) T (Vag) s, (Wag) (17)
0 otherwise

for this case. Where @ and 8 are parameters, setting the weight of the pheromones
(t5¢) and heuristic values (ng¢).

4.5 Pheromone update

As described earlier, the pheromone values are updated after each complete
solution. There are multiple approaches in the literature, however, based on our
study, the Max- Min Ant System (MM AS) [19] seemed the most appealing.
This algorithm updates only the pheromones of the solution components that are
contained in the best solution. The pheromones’ value is also restricted to a lower
and upper bound.

T [(1—=p) T+ APSmex, vz e TS, TY (18)
Tmin> Tmax are respectively the lower and upper bound of the pheromone values, p
is the evaporation rate of the pheromones and the operator [x] defined as

a ifx>a
[x]z =3p ifx<b (19)
x otherwise

and

if it is the best solution so far
Cbest f (20)

Arbest = {_
0 otherwise

4.6 Algorithm outline

To tie it altogether, the pseudocode of the resulting algorithm can be found in
Algorithm 2.
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The algorithm takes a risky graph G,., the start nodes Vj, the goal nodes V; as inputs
and provides the solution to the TCGRE problem in So0lpsi—so—fqr as an array of
solution components, and its cost CoStpest—go—far ON its output.

First, the variables that store the pheromones and the result are initialized in line 1-
3. Then, in line 4 every shortest path between the start nodes, goal nodes and nodes
that are part of a coordination pair are calculated to provide caching. The main loop
starts by initializing the solution candidates in line 6-7 and runs until a stopping
criteria is reached. The stopping criteria can be a maximum number of iterations, as
well as a condition for when the solution does not change significantly.

In each iteration a solution is built by every ant. The selection of the next solution
component is performed in line 11, based on (17). Then, through lines 12-14 the
solution candidate is extended, the states of the agents are updated, and the cost is
increased accordingly. After each ant completed its solution candidate, the best of
them is selected, and compared to the current best-so-far solution, which is updated
if needed in lines 17-20. At the end of each iteration, the pheromone values are
updated based on (18) in line 21. At last, the best-found solution and its cost is
returned in line 23.

5 Results

Algorithm 2 has been implemented in Python', taking advantage of NetworkX [20]
and NumPy [21] libraries. The JSG algorithm has also been implemented to serve
as a comparison baseline using SciPy [22] ILP tools. Our CES implementation [17]
was also included in the comparison. JSG has no parameters, CES assumed that
each coordination pair is present at max once in the solution and the parameters of
the ACO based solution is presented in Table 1. The cost-to-come cost function (13)
did not yield sufficient results so the cost-to-go version (14) was used during testing.

Table 1. Parameters of the ACO based algorithm

Nants a .8 Tmax | Tmin p

100 1 1 5 0 10

The algorithm was tested on a wide range of risky graphs. To compare against
different graph sizes, node numbers of |V | € {10, 15, 20, 25, 30} has been used. The
variation of graph sparseness has been characterized by two different methods. In
the first case the number of edges has been set according to |E| = c|V|,Vc €
{2, 3,4}, resulting in sparse graphs. The generation of dense graphs has been

! The source code is available at https:/github.com/izsoandras/tcgre-aco
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Algorithm 2: ACO to solve the TCGRE problem

Input: G, = (V,E,c;j,SP, &), Vo = {vs1,Vs2, .. Vsn },

Vg = {vg.l' Vg,2r w1 vg,N} k
Parameters: g, @, 5, Timax) Tmin, P

OutPUt: SOlbest—so—farv COStbest—so—far

A WD

O 0 9 N W

10
11
12
13
14
15
16
17
18
19
20
21
22
23

TS < 1 € REICPI+IVoDX(2ICPI+[VoDXICPIx|Vg[x|Vg]

T9 — 1 € REICPI+IVoDx|Vg]

Solpest—so-far < { }, COStpest—so—far < ®

Calculate all shortest path between Vo U 1, U S U {vi, vj| Ve, ; EE '}
while stopping criteria is not reached do

SolCandidates « {{ } X ngnes}

CostCandidates « 0 € R™ants

for iy, = 1tong, do

Vagents < Vo, Dactive < True € {True, False}"

while any (b ;i) do

SC « Select solution component 17
Add SC to SolCandidates|izn:]

Update ggenes and bgeyiye according to SC

CostCandidates « CostCandidates + C(SC) 9), (10)

end
end
Solpest—now» COStpest—now = Min(SolCandidates, CostCandidates)

if COStbest—now < COStbest—so—far then

COStbest—so—far < COStbest—now’ SOlbest—so—far < SOlbest—now
endif
for t € T° U TY do Update t (18)

end

return So lbest—so —far» COStbest—so—far
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achieved by setting the number of edges relative to the complete graph, namely

|E| =c W, Vc € {0.75,0.8,0.99}. The number of robots has been varied for
N € {3,4,5, 6} and the number of coordination pairs for |CP| € {0,1,2,3,4}. The
JSG, CES and ACO algorithms have been evaluated for each combination of
parameters 5 times yielding 3000 distinct evaluations for 600 different input size. If
an algorithm did not conclude after 1000s, its execution has been stopped to enforce

feasible runtime.

The graphs have been generated randomly, according to the Erdés-Rényi random
graph model [23]. Coordination pairs, start and goal nodes have been selected
randomly from the graph. In order to ensure that each problem is in fact solvable,
the connectivity of the graph has been assured by resampling.

The most prominent indicator of improvement is the fact that JSG ran out of the
8GB available memory after the |V| = 25, |E| = 250, |CP| = 4, N = 3 case, while
ACO was able to provide a result for all cases. The runtime for the JSG, CES and
ACO algorithms for the cases where JSG were able to run are shown in Figure 1.
Dots represent cases where an algorithm did not conclude in the given time limit,
which occurred 89 times for JSG and 4 times for ACO out of the 1073 cases where
JSG was able to run.

Runtime [s]
s 5
——— =
S e

M L

| CES
W ¢ ACO

0 200 400 600 800 1000
Test case index

Figure 1

Runtime of the JSG, CES and ACO algorithms, for the cases where JSG was able to run. Dots mark
where the algorithm did not conclude in the given time limit. JSG have run out of memory after
these cases. The runtime of ACO is visibly lower, often by 1 magnitude, and is still concluding,

while JSG runs out of the allowed time.

This already indicates an improvement in terms of runtime, which is further
reinforced by analyzing the ratio between ACO and JSG runtimes as i‘“ﬁ in cases
sG

where both are concluded. The histogram of this ratio is plotted in Figure 2,
separately for less than and greater than 1 case. ACO were able to provide a solution
faster than JSG in 684 cases. Furthermore, it is visible on the histograms that the
ratio is concentrated below 0.2, which indicates significant improvement.
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Since CES is a much simpler but restricted algorithm compared to both JSG and
ACQ, it is expected to have a lower runtime. However, the fact that its runtime is
exponential of the number of coordination pairs, 0((2N 2ylcp |) [17] is already
showing and is expected to rise above the much slower increasing runtime of ACO.

10

U| I 11

=

Number ol occurances

u II

[ 0 40 ) 0 100

00 0.2 0.4 0.6 0K Lo

Runtime ratio ACQ/AISG (bins)

Figure 2

Ratio of ACO and JSG runtimes as 4. Tn 684 cases ACO provides a solution significantly

tyisG
faster than JSG, and even if it doesn’t, apart from a few outliers, its runtime is concentrated near
that of JSG.

In terms of cost, the ACO is on par with the RL approach. As in [13], we use the

ratio c]i as a measure of optimality. The histogram of this value is presented in
ACO

Figure 3, with the 70% and 80% margins marked as orange and green, which are
also used in [13]. In 68.6% of the cases, ACO was able to match with the optimal
solution of JSG. 94% of the solutions lie above 80% optimality margin and 96.5%
above the 70%, which shows that this algorithm is a capable alternative to the RL
based presented in [13], with lower resource requirements.

10’ |
f |_J

Number of occurances

08

0.z 04 0.6

Oplimality (bins)

Figure 3

Distribution of the optimality ratio f’i in 68.6% of the cases ACO was able to match the cost with
ACO

JSG. In 94% the optimality is above 0.8 (orange) and in 96.5% is above 0.7 (green), indicating
similar performance as [13]
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Conclusions

TCGRE is a recently emerged problem that makes the modelling of certain
cooperative multiagent behaviour possible. Previous solution proposals show the
lack of ability to scale well with multiple robots or coordination pairs or do it with
a significant amount of processing power. In this paper, we have proposed a novel
solution to the problem and showed that it is capable of similar performance as the
recently proposed alternatives, with significantly less computational needs. In our
future work, we are going to further analyse the capabilities of the new approach,
by developing a local search method that would potentially increase the
performance. Our goals also include the application of similar approaches to
generalized versions of the TCGRE problems.
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