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il
ABSTRACT
A HIERARCHICAL APPROACH TO IMPROVE THE ANT COLONY
OPTIMIZATION ALGORITHM
by
Bryan J. Fischer
Spring 2023
The ant colony optimization algorithm (ACO) is a fast heuristic-based method for
finding favorable solutions to the traveling salesman problem (TSP). When the data set
reaches larger values however, the ACO runtime increases dramatically. As a result,
clustering nodes into groups is an effective way to reduce the size of the problem while
leveraging the advantages of the ACO algorithm. The method for recombining groups of
nodes is explored by treating the graph as a hierarchy of clusters, and modifying the
original ACO heuristic to operate on a hypergraph. This method of using hierarchical
clustering is significantly faster than the original ACO algorithm, even when normal

clustering techniques are applied, while producing improved tour lengths.
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1 Introduction

The Ant Colony Optimization algorithm takes inspiration from the natural
behavior of an ant colony foraging for food and applies this behavior to approximate a
solution to the Traveling Salesman Problem. This type of nature-inspired behavior is a
heuristic that follows a set of rules to probabilistically traverse a complete graph,
completing tours, and returning the shortest tour found. It has been shown to be very
effective in producing a good approximate solution in most cases, but is slow to complete
for large graphs. Since its inception in the early 1990’s, the ACO has been iterated on
using various strategies, improving both its quality of solution and running time [7]. This
thesis proposes a new improvement to the ACO that is shown to provide better quality

results at a significantly lower time cost on large graphs.

1.1 Organization of this Paper

Section 1 will discuss the Traveling Salesman Problem, why it’s important, and
issues with solving it outright. Section 2 explains how the original Ant Colony
Optimization operates. Section 3 will give a brief survey about other ways in which the
ACO has been modified to improve its performance. Section 4 will describe the
implementation details of the hierarchical version of the ACO and explain how it
functions. Section 5 gives the results of the implementation proposed in this thesis
compared to the original ACO described in section 2, and section 6 will conclude with
discussions about the results. Finally section 7 will propose ideas for future work and

areas to explore using this new alteration of the ACO.



1.2 The Traveling Salesman Problem

The Traveling Salesman Problem can be described as finding the shortest tour in a
graph starting from a home location, visiting every other location exactly once, and then
returning back home [6]. An example that is keeping in spirit with the algorithm’s
namesake: a salesman must leave the sales office and visit several client locations before
returning back to the sales office. What is the most efficient way to order each sales

meeting such that distance traveled is minimized?

1.3 Simple TSP Solving Algorithms

If the number of locations is small, it is trivial to produce a solution to this
problem. Consider a set of locations 7 in a complete graph, the solver must brute-force
check every permutation of tours starting and stopping from some home location, and
keep track of the shortest tour [3]. The brute-force algorithm is defined roughly as
picking a starting home location, determining each tour length from that location to all
other locations, then returning the shortest tour found [9]. Three discrete examples are

given below:



n=72 n=3 n=4
{a, b} {a, b, c} {a, b, c,d}
a,b,a a,b,ca a,b,c,d,a |b,a,c,d,b|c,a,b,d c |dab,c,d
b,a, b a,c,b,a a,b,d,c,a |b,a,d,c,b [c,a,d, b,c [d,a,c, b d
b,a,c,b a,c,b,d,a |b,c,a,d,b [c,b,a,d,c [d,b,a,c,d
b,c,a,b a,c,d,b,a |b,c,d,a,b [c,b,d,a,c [d,b,c,a,d
c,a, b, c a,d,c,b,a |b,d,a,c,b [c,d, a,b,c [d,c,a,b,d
c,b,a,c a,d,b,c,a |b,d,c,a,b [c,d, b,a,c [d,c,b,a,d

Each increase in location count, 7, causes the number of potential tours to

increase dramatically. Solving the traveling salesman problem (TSP) using this method

has a time complexity of O(n!) [7]. While the advantage to this method is that we are

guaranteed to find the shortest tour possible, the disadvantage is that as n grows larger

and larger, it becomes too costly to solve. For example, if n = 100, there are greater than

9.3326 X 10157 possible tours to check.

It’s worth noting that going forward, we are assuming symmetric graphs, where

the distance from a to b is the same as from b to a, in which case the number of tours to

check is halved, but this does not affect the overall time complexity.

Another method of solving the TSP is by using a greedy algorithm, where each

next location is chosen based solely on its distance. The greedy algorithm states that we




always choose the nearest location next. This poses an advantage in that it is quick to
solve the TSP, the disadvantage is that the solution can be very poor; the shortest cycle

found using a strictly greedy algorithm has no guarantee about its quality.

1000 1000 °
10 I 100 10 I 100
1 1

Figure 1: greedy algorithm

An example of where the greedy based approach breaks down is exposed in figure
1. Assuming a starting location at vertex A in a complete graph, always picking the
closest vertex next would result in a tour length of 1041 (shown in blue (left):
A-B-D-C-A). This is far from an optimal route of length 150 (shown in green (right):
A-C-B-D-A). The only way to guarantee we have obtained the shortest cycle in a
symmetric graph is to brute-force every possible pathway through the graph and report
back the shortest cycle found. There is no known polynomial time algorithm to solve the

TSP optimization problem [9].

1.4 Heuristic-based TSP Solver

A heuristic based approach is often employed to approximate a solution to the
traveling salesman problem. The Ant Colony Optimization (ACO) algorithm is a

heuristic that finds a good approximate solution to the TSP in a relatively short amount of



time [5]. It does this by taking inspiration from nature, specifically the emergent behavior
of ants foraging for food. It relies on a global communication system via pheromone
trails, as well as bias parameters that guide agents, referred to as ants, as they traverse the
graph. The general ACO algorithm will be explained in depth in section 2. Heuristic
based TSP algorithms are employed because they are significantly faster to find a

solution without sacrificing too much quality in their resulting tour.

1.5 Applications of TSP Solvers

The TSP can be applied to any optimal route finding problem that requires
traversal of a graph and as such can be useful in many situations. It has been adopted to
find the most efficient routing of power lines, wiring in circuits, determining the most
efficient route for delivering goods between multiple locations, and flight paths for
aircraft [9]. TSP algorithms are popular due to their applicability to many real-world

scenarios.

1.6 Problem Statement

We have so far explored what the TSP is and how to solve it using an exhaustive
search of every potential solution in factorial time. We then were introduced to the ACO,
a generalizable heuristic to approximate an optimal solution to the TSP. The problem this
thesis aims to address is how to further improve the general ACO algorithm using
top-down hierarchical techniques that will provide both quicker results and shorter tour

lengths.



2 Ant Colony Optimization Algorithm (ACO)

M. Dorigo is the research director for the Belgian Funds for Scientific Research,
and is credited as the inventor of the Ant Colony Optimization algorithm. In his seminal
work titled “The Ant System: Optimization by a colony of cooperating agents,” Dorigo
describes a heuristic based approach to approximate a solution to the TSP [5]. The
following subsections describe his work and the ACO algorithm known as the

Ant-System, or AS for short.

2.1 ACO Overview

Taking inspiration from nature, the ACO uses many individual agents, known as
ants, to traverse a graph completing cycles. To relate this using similar nomenclature to
the TSP, imagine we have a certain number of cities we must visit and, instead of one
salesman traveling to every city by himself, we have multiple salesmen all trying
different paths looking for the shortest tour. A tour in this context indicates that a
salesman has traveled from their starting location, visited each city exactly once, and then
returned home. Now imagine that we have a number of salesmen equal to the number of
cities, and one salesman is placed in each city. This is something akin to the starting
condition of the ACO algorithm. Note that depending on the literature cities, nodes, and
vertices are interchangeably used. Also, a tour refers to the path an ant has taken when it
completes a route through the graph and returns back home. When all ants have
completed their respective tours, this is known as a cycle.

In the ACO, each ant takes a different route through the graph, adhering to the

rules of the TSP (visiting each vertex only once, then returning home to complete a



cycle). Once all the ants have completed their respective tours, they update the paths they
took with a metric called pheromones which increase the desirability of that path relative
to the shortness of their cycle. This means that each edge traversed by an ant agent will
have some amount of pheromones deposited on that edge that is proportional to that ant’s
tour length: shorter paths get more pheromones deposited on each edge in the path. At the
end of each cycle, when every ant has concluded their movements and returned back
home, the pheromones for each edge are evaporated by some amount, rho, and then a
new amount of pheromone is added based on the ants that traversed that edge. The result
of this action is that a more desirable path, denoted by the pheromone intensity on edges,
emerges after several cycles of the ACO have completed. An edge with a higher value of
pheromones means it is very often used by ants to construct their tours.

Ants choose their next movement based on two factors: desirability and distance.
These factors are then given weights, alpha and beta, to influence the ant agent's
decisions. The alpha weight is related to the pheromone importance, and the beta weight
is related to the distance, or visibility importance. We can then change the values of the
alpha and beta weights to make the ants behave differently—favoring closer vertices
similar to a greedy algorithm, or favoring more popular paths that contain higher
concentrations of pheromones.

When an ant makes a decision to move to the next vertex it examines several
circumstances. First, an ant cannot travel to a city it has already visited. This can be kept
track of via a list of visited cities. Second, the ant will examine all possible next
movements and calculate the probability of visiting each city using the following formula

from Dorigo [7]:



[50f" [ns]
pk(t) = | 3 [ ®]" [ F

k&allowed,

if j €allowed;

0 otherwise

Figure 2: transition probability

The probability an ant will choose to travel to city j from city i is determined by
the strength of the pheromones present on edge (i,j) raised to the power of alpha (the bias
for desirability), multiplied by the distance to city j raised to the power of beta (the bias
for visibility). This is then divided by the sum of all possible movements using the same
calculation. In other words, the numerator from figure 2 is computed individually for
every potential choice. All those choices are then added together to form the
denominator, and then each choice is evaluated to form a set of probabilities for each
potential choice. If, for example, some choices are more favorable than others, they will
have a much higher chance of being chosen by a given ant. Ants then roll a random
number to determine which path to take, with some paths being more likely to be picked
than others. The “t” represents time, which is discrete in this model and is iteratively
increased after every ant completes a full cycle. The benefit of choosing movements in
this fashion is that ants have the potential to deviate from the path and explore new
pathways, even if it has a small chance. This exploration v. exploitation behavior allows
the ants to search for better pathways throughout the graph at random, while converging
on pathways that are favorable. The datasets are complete graphs, meaning each vertex in

the graph has an edge to every other vertex. This means that each ant has the possibility



to visit any location in the graph from any other location, but using this heuristic makes it
less likely for ants to pick far away locations or edges that are seldom traveled.

Initially, the number of ants is equal to the number of vertices (or cities) in the
graph, with one ant being placed at each vertex. This has been shown experimentally to
be an ideal starting condition, and in fact using more ants will not necessarily create
better solutions due to stagnation behavior: where ants become entrenched in a pathway
and seldom deviate [7]. Similarly, more ants will not necessarily improve the outcome
because at the start of each cycle, the state of the graph remains unchanged in terms of
edge pheromone level and distances between cities. Then each ant completes their entire
tour independent of other ants, and updates the graph for the next cycle. Ants are running
individually, either successively or concurrently, but do not affect each other until the ants
complete a cycle.

After each cycle, the pheromone values of each edge are reduced by the
evaporation rate, p < 1.0, and the pheromones from each ant are added to each edge they

traversed based on their route length [7].
Tij(t+n)=p Tj;j(t) +ATj;

Figure 3: pheromone updates
The pheromone intensity, T, of edge (i,j) at time t is first evaporated by some
proportional amount, p, and then given additional pheromones depending on the quality

of the tour found by each ant that visited that edge, indicated by At [5].
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Q

— if k - th ant uses edge (i, j) in its tour (between time t and t + n)

Aty = L

0 otherwise

Figure 4: addition of pheromones to edge

Figure 4 showcases how, if an ant k moved along edge (i, j), it will add some
amount of pheromone to that edge depending on the length of its tour. Q represents a
constant amount of pheromone that could be applied to an edge, and L, represents the
overall length of the tour found by k™ ant. For example, if ant k found a tour length of 50,
and we have a constant Q value of 100, every edge traversed by ant k, for cycle t will
first have it’s existing pheromone level evaporated by some amount p, then have 2 added
to it. Similarly, if another ant k, found a tour length of 75, every edge visited by ant k,
will have it’s pheromone levels decreased by evaporation p, then increased by 1.5. It
becomes clear to see that for multiple ants over multiple cycles, the evaporation effect
will cause unused trails to disappear while more popular trails will become stronger. The
rate at which a trail becomes more popular is based on the quality, or shortness, of the

tour length. This is how the emergent behavior of the ACO occurs.

Dorigo explains that the time complexity for running the ACO is O(NC - n’ m)
where NC is the number of cycles we choose to run the algorithm, n is the number of
cities, and m is the number of ants [7]. Dorigo further explains that there is a linear

relationship between the number of ants and the number of towns (vertices) for optimal

results, which makes the overall time complexity O(NC - n3) when the number of ants

equals the number of towns.
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2.2 Parameter Tuning

One of the biggest challenges with using the ACO is finding the best parameter
settings for the algorithm. It is often thought that if you understand the theory of an
algorithm you can leverage that knowledge to improve it. Although this is true, the ACO
is somewhat unique in that it is widely studied experimentally [4]. Recall we have several
parameters when setting up the ACO:

o - Alpha biases the importance of pheromone levels. The higher the alpha bias
the more importance the ant places on the popularity, also referred to as desirability, of a
given path. A consequence of setting the alpha bias too high is that path stagnation will
occur quickly, as ants will not want to leave the most popular paths to explore the graph.

f - Beta biases the importance of visibility, or distance, for a given path. If the
beta bias is set to be very large, the ants tend to always want to travel to the nearest city
with each movement. A consequence of setting the beta bias too high is the algorithm
shifts to be similar to a strictly greedy-based approach. This was outlined in section 1.2
and often doesn’t produce the best results.

P - Rho is the evaporation rate and directly impacts how quickly ants settle into a
convergence. The value of rho is set to between (0.0, 1.0), with higher evaporation rates
making less popular trails disappear quicker. Rho directly impacts how much the ants will
explore as the cycle count increases. When the evaporation rate is high, cycles will stop
producing new routes earlier. When a pathway’s pheromone level evaporates to almost
zero, it is practically impossible for ants to pick this path anymore and these edges are

sometimes removed as candidate choices altogether [7].



12

Number of ants - Typically used in a linear relationship with the number of cities,
adding more ants than cities has a similar effect to running more cycles.

Number of Cycles - A constant value that determines when the algorithm should
stop. Depending on the other parameters and the layout of the graph, there is a point of
diminishing returns where an increase in cycle count does not yield significantly better
results. Since the ACO does not exhaustively search the graph for a known shortest tour,
the impetus is placed on the cycle count to determine when to stop searching.

Experimentally, Dorigo has shown that good values for these parameters are =1,
B =35, p=0.5, with the number of ants equaling the number of cities. The maximum
cycle count, at least experimentally, is set to a large value to better observe the behavior
of the algorithm and see when it stops producing better results. This value can vary

depending on the data set being studied, but typically falls somewhere between 500 and

5000 cycles [3]. The ACO algorithm runs in 0(n3) time so there are practical limits to
consider as well. Dorigo, using a 30-city test, used NC = 5000 to conclude that the above
values are optimal for this ACO strategy [5].

The main focus of this thesis is to introduce new methods for applying the ACO
in a layered, hierarchical way and will adhere mostly to the experimentally optimal

parameters found by Dorigo [5].

2.3  Path Stagnation

Although the number of cycles may be set to a very large value, the ants will often
find their best shortest tour fairly early. Depending on the size and composition of the

graph, this could happen within the first 50 to 100 cycles, or for larger graphs, a few
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hundred cycles. When ants no longer produce better results, or when it takes a very long
time to produce marginal improvements, this is known as path stagnation. The focus of
this thesis will be on running a constant amount of cycles with statically set alpha and
beta values to showcase the improvements of a hierarchical, cluster based approach over

the traditional ACO.

24 Multi-Agent Communication Via Pheromones

One of the big advantages of the ACO algorithm is that the ant agents
communicate to each other via a global pheromone table. This means that when a cycle
starts, each ant looks at the static graph to make all decisions throughout a cycle and does
not need to wait on other ants to traverse specific edges of the graph. This allows each ant
agent to run autonomously in parallel relative to other ants. Pheromone values are stored
in a table whose indices are edges in the graph. This table only gets updated by each ant
at the end of each cycle, so during the most computationally expensive task of graph

traversal the ants can run in parallel.

3 Related Work

The original ACO was a groundbreaking strategy to approximate a solution to the
TSP, and many people have since altered or extended the work of Dorigo in an attempt to
improve the algorithm's performance in various ways. Of these improvements I will focus
on a few implementations that are related to the work proposed in this thesis, and give a

greater context to the landscape of improvements to be found by modifying the original

ACO.
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3.1 Definition of an Ant Colony Optimization Algorithm

The term Ant Colony Optimization Algorithm has become a fairly broad term that
could be applied to many different types of algorithms that involve solving the TSP using
multi-agent strategies. Many TSP solvers share a similar foundation of multiple agents
traversing a graph, but have been extended to be very different from one another. I will
outline three other ACO algorithms in the following subsections: the MAX-MIN Ant
System developed by Thomas Stutzle and Holger Hoos, an ACO algorithm that utilizes
K-Means clustering written by Yen-Ching Chang, and finally work by Zhang who has

proposed a method on reducing computation cost based on pheromone trails.

3.2 MAX-MIN Ant System

The MAX-MIN Ant System (MMAS) is similar to the original ACO presented by
Dorigo except that at the completion of each cycle, only the ant with the best solution is
allowed to add pheromones to the graph [12]. The benefit to this approach is that the
emergence of short tours happens quicker than normal. Since we have already observed
that at the beginning of the algorithm the ants have no differentiating information about
the cities favorability other than distance, only allowing the best ant to change the
pheromone table causes other ants to bias towards that pathway earlier. This also means
that if an ant decides to explore outside of this initial pathway, if it is not an improvement
in tour length it will be disregarded more quickly than in the standard ACO model. A
downside to this method is early stagnation [12]. The MMAS will quickly fall into a tour
that happens to have been found early in the cycle count since exploration becomes

almost impossible after a few iterations, depending on the value set to rho. The authors of
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the MMAS combat this problem by introducing limits to pheromone levels within the
graph. In the original ACO, if the pheromone levels drop below some minimum threshold
that they are so close to zero that there is virtually no chance of an ant choosing that path,
then the edge is removed from the graph entirely [5]. This is appropriate in the original
ACO algorithm with proper parameter tuning, however in the MMAS this leads to poor
results. The MMAS sets a minimum and maximum value for pheromones on each edge
in the graph; this ensures that although only the best ant can increase the pheromone
levels on a path of edges, it never stops other ants from having the possibility of
exploring other pathways [12]. By setting the lower limit of pheromone values to be
greater than zero it always allows for exploration among the ant agents. In addition, by
setting an upper limit to pheromone values it causes the graph to maintain a constant
level of pheromone intensity for good pathways, without allowing a single pathway to
dominate too much, while letting bad pathways fade to the minimum. This is
advantageous because it encourages ants to explore even after many cycles have
progressed and a best tour has likely been found. The authors of the MMAS show that
they are able to find a nearly optimal solution to many TSP datasets using this approach

and claim that it is a considerable improvement in performance over the original ACO.

33 K-means Clustering

In the context of the using cities, or vertices in a graph, K-means clustering is
employed as a method of grouping cities together based on their position in the overall
graph. Cities that are close to one another are placed in the same group, or cluster, and the

clustering produces k number of clusters. This can be beneficial when applied to the
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ACO because the time cost is cubic, meaning if we can run the ACO on smaller groups of
cities we can potentially save time overall.

In his paper titled “Using K-Means Clustering to Improve the Efficiency of Ant
Colony Optimization for the Traveling Salesman Problem” Chang proposes a method of
running the ACO on smaller individual clusters and then combines the clusters together
to create the overall tour [3]. In this method, Chang uses k-means clustering on the
location data of each city, the x and y coordinates, and groups them into several clusters.
Then for each cluster, he ran the ACO algorithm to find a local shortest tour. To
recombine the clusters into one larger global solution, he finds the two cities, one from
each cluster, who are closest to each other and creates an edge. Then checks the
neighbors of those two cities within their respective tours to find the next smallest
distance between the two clusters and creates another edge. He then cuts the edges out of
the local tours to form one larger result. If there are multiple smaller clusters that need to
be joined, the Chang suggests repeatedly joining clusters one by one until we are left with
a single large global tour.

This method is beneficial in that the time to run the ACO algorithm on multiple
smaller clusters is much less than on the single large graph. Also, by using k-means
clustering, it is guaranteed that local clusters will never make long traversals to the
opposite side of the graph and will instead stay within their region, exhausting all cities to
visit before leaving to the next cluster. The author concedes that how they make
connections between clusters could be further investigated. The results however, show an
improvement over the traditional ACO alone by producing roughly the same tour lengths

but running about ten times as fast.
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It's worth noting that the benefits for this approach are more apparent when the
city count is large. For a city count of 30, the traditional ACO can generally find a better
solution in a shorter time, but for a city count of 76 Chang’s clustering method performs

better in both time and result [3]

34 Improvement in path stagnation and cycle computations

There has been some work into figuring out how to prevent path stagnation, such
as work by Zhang who introduces an improved form of the ACO specifically designed to
reduce the processing costs of ants [8]. Their work introduces two methods for solving
this problem. The first approach describes that as soon as a single ant has found a new
shortest-path in a cycle, all other ants stop working and the cycle ends. Second, they
allow each ant to employ their own route finding strategies that better benefit the
changing landscape of pheromones on the graph [8]. They argue that Dorigo’s suggestion
of a=1, § =5 is initially a good choice as ants have little knowledge other than distance
to cities. But after the graph has been shaped by pheromones over several cycles, Zhang
suggests shifting the bias the other direction gradually until @ = 5, § = 1. The effect of
this change is quicker convergence time and consequently less processing of the

algorithm.

4 Methodology

The solution proposed by this thesis involves using the traditional ACO described
in section 2, as well as clustering cities using k-mean clustering, and solving the problem
of joining clusters together by taking a top-down approach combined with the ACO

heuristic to find connections between clusters.
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The ACO has been investigated thoroughly since its introduction, the difficulty
comes with improving the algorithm using novel methods. Due to the time complexity
being cubic, it seems natural to reduce the search space of the ACO as an easy method for
increasing performance. The most straightforward way is to group nodes that are close to
one another and force a local tour to be found within that cluster before moving on. The
k-means clustering work from section 3.3 shows one way to accomplish this and does
indeed provide good improvements over the original ACO. This approach belies the
difficulty in joining individual clusters of the hypergraph without introducing too much
complexity or unnecessary processing, while still gaining performance improvements
over the original algorithm. This thesis resolves these difficulties using a top-down
approach on a hypergraph created by performing k-means clustering, and joining local

tours using a modified version of the traditional ACO algorithm.

4.1 The Algorithm

To properly describe the algorithm we must first give some definitions of terms. A
hypergraph is a graph where each pair of vertices is connected via a set of edges, not just
a single edge [1]. A hypergraph tour is a tour which visits every vertex in the hypergraph
exactly once and returns back to the starting vertex, adhering to the normal TSP rules.
Similarly, a local tour is a tour connecting each vertex within a particular cluster, and a
global tour is a tour connecting all vertices in the graph.

The algorithm works as follows:

1. Cluster the vertices using k-means clustering.
2. Treat each cluster as a single node in the hypergraph.

3. Run the normal ACO on the hypergraph with the following modifications:
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a. Ants may not visit each cluster more than once in a hypergraph tour,
except for the starting cluster to return home.

b. Upon visiting a hypergraph node, which is a cluster of vertices from the
original graph, the ant must enter and exit the cluster using different
vertices—it cannot enter and exit the cluster using the same vertex.

c. Once the ant enters and exits a cluster at the hypergraph level, the local
vertices in the cluster that were used to enter and exit the cluster are
merged together. This merge happens by forcing the edge connecting the
two vertices to be used in the local tour later.

4. Run a specified number of cycles on the hypergraph until we have a satisfactory
result at the hypergraph level. At this point, the hypergraph nodes will be
connected forming a shortest tour among clusters.

5. Run the normal ACO on each individual cluster. When an ant reaches one of the
merged vertices from the hypergraph processing, it will automatically move to its
connected vertex on the next move.

6. Once the specified number of cycles has been completed on each local cluster,
unmerge the local vertices revealing the overall global cycle.

A trace of the algorithm is shown below:
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Figure 5: hypergraph traversal start

In this example, the graph consists of 16 nodes grouped into 4 clusters. Each
cluster is the same size and is represented by a different color. Nodes 0 through 3 are in
the “orange” cluster located at the bottom left, nodes 4 through 7 are in the “magenta”
cluster in the top left, nodes 8 through 11 are in the “cyan” cluster in the bottom right,
and nodes 12 through 15 are in the “yellow” cluster located in the top right. For
exposition purposes, we can assume that we have already performed the clustering step
on the graph (step 1) and arrived at these four clusters. Step 2 of the algorithm states we
must treat each cluster as its own individual node in the hypergraph. If we view this graph

as a hypergraph we will see only 4 nodes, one for each color, with multiple edge
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connections between them. For step 2, we use one ant per hypergraph node, and traverse
the hypergraph.

Arbitrarily lets begin in the orange cluster located at the bottom left, shown in
figure 5. The ant will look at all available edges it is allowed to traverse, represented in
green, and choose one edge. Notice that the ant cannot move to another local node
located in its own cluster, this is because we are operating at the hypergraph level and it
must move between two distinct clusters. The normal ACO algorithm is employed to
calculate a set of probabilities for the ant to choose its next move among all allowed
choices in green. This is step 3a of the algorithm.

Step 3b is represented by figure 6, where our ant has decided to move from node
2 to node 4. Notice, that upon making this traversal, the ants' next traversal choices have
changed. It cannot visit any vertex within a cluster it has already visited, nor can it pick
any vertex located within the cluster it currently resides. Finally, it cannot choose to leave
the magenta cluster using the same vertex it arrived with, eliminating all edges connected
to vertex 4. The blue line represents the traversed edge, while the green lines represent
possible choices based on the ants current cluster location. Notice that the ant can now
choose to visit either the yellow or the cyan cluster from any node within the magenta

cluster except node 4.
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Figure 6. hypergraph traversal step two
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Figure 7: hypergraph traversal step 3
Suppose our ant decides to move to the yellow cluster via edge (7,13). We can see
this traversal represented in blue, and see the possible choices for our ant have again
changed. Adhering to the rules of the algorithm, the ant cannot visit the magenta cluster,
and it can’t return home to the orange cluster because it has not traversed all other

clusters yet. The only option is for the ant to visit the cyan cluster in the bottom right
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using any edge whose source vertex is 12, 14, or 15. Again, it generates a set of
probabilities based on normal ACO heuristics and makes a choice.
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Figure 8: hypergraph traversal step 4
Figure 8 now shows the ant has visited all 4 nodes in the hypergraph and must
now return home to the orange cluster. Notice, it must choose an edge that starts at §, 9,

or 11, and ends at either 0, 1, or 3. This is to avoid violating step 3b.
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Figure 9: hypergraph tour highlighted
Figure 9 depicts a complete traversal of the hypergraph and the completion of one
cycle. The pheromone levels on the blue edges will be increased proportional to the tour
length, and all pheromone levels on the gray edges will evaporate by some amount
defined by rho. This algorithm already differs from some of the related works discussed
earlier in that we have not yet run the ACO on the local clusters and only dealt with the

top-level hypergraph. The ant will report back the results of its tour and determine if it



26

has found a new shortest tour in the hypergraph or not. This process will repeat for the
specified number of cycles given to the algorithm, just as it did in the original ACO. It’s
worth noting that the computation cost of operating at the hypergraph level is higher than
at the local level.
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Figure 10: hypergraph cycle is complete
The final step of the hypergraph processing is merging the nodes, represented in

figure 10 by the dashed blue line. This is an attribute that will assist the algorithm later
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when it does the local processing. In step 5, each local cluster is treated individually and
the traditional ACO is run to find the shortest tour length among the nodes within that
cluster. Before running the ACO on each local cluster, the pheromone levels of all edges
inside each cluster are reset to the ACO starting values. The ACO algorithm has not been
modified other than the extra logic of dealing with the merged nodes. When an ant
reaches a node that has the merged flag set, it does not need to calculate a set of possible
locations to move to, it simply chooses the next location based on the node that has been
merged. In the example given in figure 10, if an ant is searching for a local tour within
the orange cluster and reaches node 3, it will immediately move to node 2 on the next

iteration.
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Figure 11: local tours completed
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Figure 12: hypergraph edges removed
Figure 11 shows the result after steps 1-5 have completed. We have found a local
tour in each cluster representing the shortest tour length discovered by the ants, and we
have the shortest tour length connecting each cluster together from the hypergraph ACO
work. Finally in step 6 edges connecting the merged nodes are removed from the graph,

and we are left with a global tour as our solution, seen in figure 12.
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4.2 Node Merging

A very specific and difficult problem arises when trying to merge clusters of a
graph together—it's not always clear which edges should be cut to join multiple small
tours together. Moreover, to adhere to the rule of the TSP that each node must be visited
exactly one time before returning home, you cannot enter and exit a local cluster using
the same node. If this occurs, you would visit that node twice: once upon entering the
cluster and once upon leaving the cluster. This is solved by forcing the ant agents to enter
and exit a cluster using different nodes.

The problem of joining local tours together to form a larger global tour is solved
through merging nodes. When we run the ACO at the local level, and it creates a local
tour within a cluster, we are forcing the traversal between the merged nodes so that later
when we recombine the local tours we can unmerge these nodes without conflicts. Think
of merged nodes as temporary bridges that are created for the local cluster processing, but
are later destroyed leaving two open “ends” through which we join the global solution.
This strategy makes the work of joining multiple clusters together very simple. Note that
merging nodes is only a flag on the node object, indicating that the ant’s next traversal
choice is already chosen—it will travel to the node it has merged with.

4.2 Implementation

This algorithm was implemented using Java, and all work was tested on a M1
Macbook Pro with 16GB of memory. Originally, it seemed that storing the distances and
pheromone data of the edges in 2d arrays would be an obvious choice for
implementation, but instead I ended up using a more object-oriented approach. Objects

were created for most of the main parts: Ants, Nodes, Graphs, NodePairs, ACO, Parser
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and Logger. This was beneficial because it allowed the work to be compartmentalized
easily. When dealing with multiple clusters, and multiple levels (local level and
hypergraph level) it becomes difficult to organize the work. With an OOP approach, I
could assign a Node to a specific cluster, then using that cluster attribute run the ACO
with relatively minor changes so that it will properly travel from cluster to cluster rather
than node to node. Having nodes as objects also allowed the ants to store a candidate list
of nodes in an arraylist that could grow and shrink or be cleared as needed. This was
immensely helpful in the processing and debugging of the program. The ACO was an
object that called the actions of other objects, such as telling ants to make their next
movements and running a set number of cycles. The graph object contained, among other
things, a hashmap of nodes where their keys were the node ids and the values were the
nodes themselves. This allowed for fast lookup of a node's attributes based on its id.
Since a lot of the work happens when an ant is trying to determine which next move to
make, using a hashmap to lookup node information was a natural choice. Ants also were
relatively self-contained, they held all the logic of moving from node to node and had
attributes that would record their pathway and the length of their current tour. The parser
object allows graph data to be read from a file and proved helpful in benchmarking, and

the logging object could record events with fine detail for analysis later.

4.2 Clustering

When testing this version of the ACO, artificial graphs were created using random
numbers where clusters were explicitly formed, such as the graph from section 4.1. In
addition, the algorithm was tested against various datasets that exist from TSBLib, an

online repository of traveling salesman problems [13]. A dataset would be loaded into
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RapidMiner and then k-means clustering would be used to process the data and create k

clusters for use in the algorithm.

4.3 Hierarchical approach and Top-Down Strategy

This approach uses two levels: the hypergraph level and the local intra-cluster
level. Although there are only two levels, the idea could be expanded to be n levels,
where nodes could be combined to form clusters, then those clusters could be combined
to make even larger clusters, etc. By working from the lop level to the bottom level the
work could be expanded to any number of levels as might fit best for the dataset being
used. The top down strategy avoids nodes being visited more than once, leverages the
ACO heuristic to recombine local tours to form larger tours, and is extensible to multiple
levels. An example of this could be routing through population centers. Houses could be
clustered together into neighborhoods, neighborhoods could be clustered together to form
cities. Cities could be clustered within states, and states could be clustered into countries.
Using this hierarchical approach, the ACO would first find the optimal route to visit each
country, then go down a layer into the state level. Within each state, the aco would find
the optimal tour to visit each city, then within each city find an optimal tour to visit each
neighborhood and finally each house. The final product would be one large global tour

that visits every house in the dataset.

4.4 An Alternative Technique to Improve Hierarchical ACO

To review the problem statement, it is shown that since the ACO algorithm is an
n’ algorithm, by reducing the number of nodes we can greatly decrease the time cost to

run the algorithm. A simple way to reduce the number of nodes is by clustering
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geographically similar nodes together, creating multiple smaller tours, then recombining
all smaller tours into one large global tour. As previously discussed, the method used to
recombine clusters into one large global tour, without violating the rules of the TSP and
visiting a node more than once, is a challenge. This section provides a brief explanation
about the alternative methods to solving this problem and why the proposed solution
outlined in this thesis is preferred.

The first approach is a “lazy’ bottom up approach, where the ACO was run on
each individual cluster first, creating multiple local tours, then using the pheromone data
from these smaller runs and rerunning the ACO on the global graph. The idea behind this
experiment is that by using the pheromone data from each local cluster it would influence
the ants to want to remain inside a local cluster before leaving it. The upside of doing this
approach is it deviates very little from the standard ACO and is easy to implement.
Experimentally, ants did not always stay inside local clusters when forming their global
tours and would jump all over the graph. The results between clustered and non-clustered
ACO experiments were nearly identical, with no real improvement using the clustered
approach.

The second approach is to connect each cluster in the graph using the shortest
edges between each cluster. Intuitively it makes sense that if you want to form a global
tour you would use the shortest edges between each cluster. Then within each cluster the
ACO is run, forming a local tour. The problem with this approach is there is no guarantee
that the in-edge and out-edge of a cluster lay on distinctly different nodes in the cluster.

Meaning it’s possible for a node to be visited more than once in the process of forming
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this global tour. Other works have suggested this approach and the solution relies on

cutting and joining adjacent edges to make the TSP work [3].

5 Experiments and Results

Experiments were run using graphs that were randomly generated by Java’s
built-in Random function [10], and graphs that were found from TSPLib [13]. The
random graphs were generated such that they produced nodes that were grouped together
to form deliberate clusters. This was done to showcase the performance of the
hierarchical ACO algorithm under ideal circumstances. In addition, the datasets found
from TSPLib were used due to their popularity in benchmarking TSP algorithms [11],
and were clustered using RapidMiner and k-means clustering. The results of each
experiment are shown below followed by a table of results.

Each of the experiments used the following parameter settings:

a=1.0
B=50
p=0.5

Ant count = node count

Cycle count: listed in each result table
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5.1 Experiment 1: Normal v. Hierarchical ACO on Clustered Graph, k =2
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Figure 13: clustered graph k=2
The graph is randomly generated using Java’s built-in Random class to produce
two distinct regions of nodes: 100 nodes in each region with a total of 200 nodes. The
first test involves running the traditional ACO on the graph as-is, for a total of 1000
cycles (NC = 1000).

125000
100000
75000
50000

25000

0

0 50 100 150

Figure 14: tour-length vs cycle count, normal ACO
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Non-clustered ACO
Shortest Tour Length 21270
Cycle Count 1000 cycles
Elapsed Time 196 seconds

Notice, the ACO algorithm stagnates at around 176 cycles meaning no new paths
were found even though 1000 cycles were completed. In an attempt to show more
granularity, graphs showing tour-length v. cycle count will omit the trailing regions if no
new data is available to be presented.

Next we examine the hierarchical approach. First the ACO is run on the lower-left
region for 500 cycles, then the upper-right region is run for 500 cycles. These two
sections are run independent of each other. Finally the ACO is run using the overall
graph, including the saved pheromone data from each region’s previous runs, for 500

cycles.
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Figure 15: lower-left region
Tour-length vs cycle count

500 cycles x 100 nodes, 25 seconds
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Figure 16: upper-right region
Tour-length vs cycle count
500 cycles x 100 nodes, 34 seconds
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Figure 17: whole-graph combined ACO

Tour-length vs cycle count

500 cycles x 200 nodes, 130 seconds

Clustered ACO - Non-hierarchical Approach

Shortest Tour Length 21354 +84 cycle length

Cycle Count 500 cycles for each cluster | 2(500*%100) + (500*200)
500 cycles for global graph

Elapsed Time 189 seconds -7 seconds, 0.03% less

time

Empirically this experiment reveals that there is not much difference in time or

quality using the clustered approach compared to the non-clustered approach with the

traditional ACO method.
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Experiment 2: Hierarchical vs. Normal ACO, k=4
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Graph has random points divided into four clusters, with 25 nodes in each cluster.
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Figure 18: generated graph, k=4



Normal ACO results:

k = 4, Random, Normal ACO
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Figure 19 and 20: k=4 normal ACO
Normal ACO, k = 4, Tour Length vs Cycle Count
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Normal ACO, k=4
Shortest Tour Length 2198
Cycle Count 500 cycles
Elapsed Time 81.02 seconds




Hierarchical ACO Results

k = 4, Hierarchical, Random
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Figure 21 and 22: k=5 hierarchical
Normal ACO, k = 4, Tour Length vs Cycle Count
12500
0
Clustered ACO - Hierarchical Approach, k =4
Shortest Tour Length 1975 -223, 10.14% shorter
Cycle Count 50 at hypergraph level 4(500%25) + (50 * 100)
500 for each local cluster
Elapsed Time 14.90 seconds -66.12 seconds,
5.4x faster
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Experiment 3: Hierarchical vs. Normal ACO, k=6

Graph has random points divided into 6 clusters, with 20 nodes in each cluster.
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Figure 23: generated graph, k=6
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Figure 24 and 25: normal aco tour results, k=6

Normal ACO, k = 6, Tour Length vs Cycle Count
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0 100 200 300 400 500
Normal ACO
Shortest Tour Length 3456
Cycle Count 500 cycles (500 * 120 nodes)

Elapsed Time

143.11 seconds




Hierarchical ACO Results
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Figure 26 and 27: hierarchical tour results, k=6

Hierarchical ACO, k = 6, Hypergraph Tour Length vs Cycle
Count
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Clustered ACO - Hierarchical Approach, k =6

Shortest Tour Length 3025 -431, 12.47% shorter

Cycle Count 50 at hypergraph level 6(500*%20) + (50 * 120)
500 for each local cluster

Elapsed Time 17.29 seconds -125.82 seconds,
8.2x faster
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Experiment 4: Hierarchical vs. Normal ACO, k=16

Graph has random points divided into 16 clusters, with 20 nodes per cluster
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Figure 28: generated graph, k=16
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Normal ACO Results
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Figure 29: normal aco tour results, k=16
Normal ACO
Shortest Tour Length 10034
Cycle Count 500 cycles (500 * 320 nodes)

Elapsed Time

4106.62 seconds
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Figure 30: hierarchical tour results, k=16

Hierarchical ACO, k = 16, Hypergraph Tour Length vs Cycle
Count

5000
4000
3000

2000 “\'ﬁ\

1000

0

0 10 20 30 40 50

700

46

Clustered ACO - Hierarchical Approach, k=16

Shortest Tour Length 7432 -2602, 25.93% shorter
Cycle Count 50 at hypergraph level 16(500%20) + (50 * 320)
500 for each local cluster
Elapsed Time 100.84 seconds -4005.78 seconds,

40.7x faster
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5.5 Experiment 5: Hierarchical vs. Normal ACO, eil76, k =4

The €il76 dataset is taken from TSPLib and is often used in ACO papers as a
means to benchmark their solutions. Represented in this experiment is the traditional
ACO run against the hierarchical ACO with k = 4 clustering. Clusters were created in this

dataset by RapidMiner using k-means clustering.
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Figure 31: eil76 graph



Normal ACO eil76 Results

eil76, normal aco results
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Figure 32 and 33: eil76 normal aco tour results
€il76 Normal ACO, Tour Length vs Cycle Count
2500
2000
1500
1000
500
0
0 50 100 150 200 250
Shortest Tour Length 615.157
Cycle Count 500

Elapsed Time

31.910 seconds




49

Hierarchical ACO eil76, k = 4 Results

eil76, k=4 Hierarchical results
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Figure 34 and 35: eil76, hierarchical aco results
€il76 Hierarchical Clustered ACO, k=4, Tour Length vs Cycle
Count, Hypergraph Level
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Shortest Tour Length 571.432 -43.725,7.1%
improvement
Cycle Count 50 on hypergraph 50(76) + 4(500 * ~19)

500 on each cluster

Elapsed Time

4.8 seconds

-27.11 seconds, 6.6x faster




att3

Count(att3)

80

70

60

50

40

30

20

10

22.5

17.5

12,5

v

0

Figure 34: cluster data from eil76 k = 4

eil76, k-means clustering, k=4
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Figure 35: nodes per cluster
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Experiment 6: Hierarchical vs. Normal ACO, att532, k=4,k=16
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The att532 dataset from TSPLib is another commonly used benchmarking dataset

for TSP solvers [11]. It contains 532 data points and since we have a larger number of

cities to traverse, the following tests will show k =4 as well as k = 16 hierarchical results.
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Figure 36: att532 graph
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Normal ACO on att532

att532 Normal ACO
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Figure 37 and 38: att532 normal aco tour results
att532 Normal ACO, Tour Length vs Cycle Count
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Hierarchical ACO on att532

att532 Hierarchical ACO, k = 4
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Figure 39 and 40: hierarchical ACO on att532, k = 4, k-means clustering

att532 Hierarchical Clustered ACO, k=4, Tour Length vs Cycle

Count, Hypergraph Level
Shortest Tour Length 108482.3922 -17091.60, 13.62%

improvement

Cycle Count 50 at hypergraph level (50 * 532) +4(500 * ~133)

500 on each cluster

Elapsed Time

32 minutes 46.67 seconds

-6.06 hours, 12x faster
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Figure 41: cluster data att532, k=4

att532 Clusters, k=4

Figure 42: notes per cluster att532, k=4
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Hierarchical ACO on att532, k=16

att532 hierarchical k=16
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Figure 43 and 44: hierarchical ACO on att532, k = 16, k-means clustering

att532 Hierarchical Clustered ACO, k=16, Tour Length vs Cycle

Count, Hypergraph Level
Shortest Tour Length 96952.9354 -28621.69, 22.79%

improvement

Cycle Count 50 on hypergraph level (50 * 532) + 16(500 * ~33)

500 on each cluster

Elapsed Time

3 minutes 56 seconds

-6.545 hours, 100x faster
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Figure 45: cluster data, att532, k=16
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6 Discussion and Conclusion

It is clear that reducing the node count will improve the ACO performance, and
the experiments show that we gain dramatic improvements in the time cost of the ACO
by utilizing a top-down hierarchical approach. We can see that for smaller graphs the
improvements are marginal, but as the graphs get larger we see as high as 99%
improvement in time cost while returning a shorter tour length. This is largely due to the
fact that O(n®) algorithms scale so drastically, so when we can chop up the work into
smaller portions we end up with better results. If we have a data set of size n, our
algorithm running the traditional ACO heuristic will take n® time to complete. However,
when we use the hierarchical approach and cluster the data into 4 groups, for example,

n n

we can see that n3 > (%)3 + (7)3 + (T)g + (%)3. We also must add in the overhead

cost of processing the graph at the hypergraph level, however this is a function of the
number of clusters we have. Since the hypergraph treats each cluster as an individual
node, the overall size of the hypergraph will be relatively small. In our experiments, the
largest k value used was 16 for a data set of size 532. It is very expensive to process the
hypergraph, but since even very large graphs have modest k values, this cost increase is
negligible to the overall time savings.

In experiment 1, it is shown how the ACO stagnates relatively early, within 100 to
200 cycles in most cases, at which time no new shortest tours are found. Every
experiment was run with a set number of cycles to make comparisons more equitable,
however it’s worth noting that additional cost savings could be found when terminating

the runs earlier due to stagnation [7].
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In the later experiments we see the most improvement. When the original graph
size is large and the k value is 16, we can achieve a 99% improvement in time cost over
the original ACO implementation. The highest potential gains are seen when the graph is
very large and each cluster has roughly the same number of nodes. In the att532 test with
k=4, notice there is an uneven distribution to the clusters where more nodes resided in the
east coast clusters than in the less-dense west coast. This affects the runtime of the
algorithm such that it takes longer to process cycles for clusters with higher node counts.
Due to the n® scaling of the algorithm, if one cluster is twice the size of another cluster, it
more than doubles the time cost to process that cluster. It is very important to have equal
sized clusters for optimal performance using this approach.

Another observation when looking at the graphs visually, is that the hierarchical
approach produces a much cleaner path with less lines crossing each other. Whenever you
have two paths that cross one another, there is room for improvement as you can uncross
their paths and recombine the edges to improve the tour length [2]. Also notice, that the
original ACO does a good job of staying within a local group before leaving, but due to
the randomness of the ant movements it will inevitably hop around the entire graph
producing long traversals that should not exist in an optimal solution. By clustering the
nodes first, and establishing the edges that link clusters together in the beginning at the
hypergraph level, we prevent ants from ever making long traversals to opposite sides of
the graph and instead force them to stay within their local clusters producing much better
results.

Finally, it’s worth pointing out that our experiments only used two levels: the

hypergraph level and the local cluster level. For a sufficiently large dataset, where the
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value of k could be very large, we could recursively apply this strategy again and again
producing multiple levels in the hierarchy. Then working top to bottom, execute the
algorithm to come up with a solution. Graphs of this size would be impractical to run
using any n’ algorithm, but with the improvements seen in this thesis project there is a

possibility it could be quick to solve.

7 Future Work

There are many ways to improve the ACO algorithm. Due to how similar this
algorithm is to the original ACO in some regards, it would be possible to use other
improvements to augment this work. For example, implementing a mechanism to detect
path stagnation would significantly speed up the processing time. Also, taking a deeper
look into the types of clustering algorithms to ensure a more uniform distribution would
be another way to improve the performance. There is also a question of an optimal value
for k given specific data sets. Conducting further studies on varying values of k for
various types of data might reveal an optimal number that could further help this ACO
implementation run faster. Finally, applying the hierarchical strategy to n layers instead of
just two would be very exciting to see how well it performs on massive datasets. In the
future it would be worth exploring any of these avenues of improvement with further

tests and experiments.
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