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Distributed machine learning framework for shortest path problems with stochastic
weights

Gabriel Aspegrén and Olle Nilsson Dahlberg
Department of Computer Science and Engineering
Chalmers University of Technology and University of Gothenburg

Abstract
Range anxiety is one of the most common reasons why customers hesitate to buy an
electric car. At the same time, the European Union strives toward a fully electric
car fleet. Previous work has shown promising results in designing a self-learning
shortest path algorithm for finding the most energy efficient path for an electric
vehicle through a road network, using combinatorial multi-armed bandit methods.
However, it is desirable to scale the methods for larger networks, for example coun-
tries and continents. In this project, we design a distributed framework for shortest
path computations on a road network, over a computer cluster, using combinatorial
multi-armed bandit methods and machine learning. The system is distributed with
Apache Spark and GraphX’s version of the Pregel algorithm. An experimental study
is performed to investigate the impact of partition strategy, number of partitions,
network size and latency between computer nodes on the total run-time. The results
show that partitioning strategy has an significant impact on the run-time and that
larger networks benefit more from being partitioned.

Keywords: Shortest path problems, distributed computing, multi-armed bandits.
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1
Introduction

The European Union has adopted a target of reducing the carbon dioxide emission
from cars by 55 % until 2030 compared to the levels of 1990. One part of this
target is that, by 2035, all new cars registered in the union will be zero-emission
[1]. Battery electric vehicles (BEVs) accounted for 9 % of total sales of new cars
in Europe in 2021 [2]. One of the main reasons people may be disinterested in an
electric vehicle is range concerns, commonly known as "range anxiety" [3]. Previous
work [4], [5] has shown that a navigation system, by influencing the driver, is able
to increase traffic efficiency and reduce carbon dioxide emissions from vehicles. This
makes it interesting to see if it is possible to decrease energy consumption by intro-
ducing machine learning methods that take the current traffic situation into account.
There have been attempts to design a self-learning navigation system for BEVs that
minimizes energy consumption [6] with promising results. This was simulated on
road networks of cities in Europe.

For such a navigation system to be useful, it needs to be extended to larger road
networks. The method used in [6] to find the optimal path is a combinatorial
multi-armed bandit algorithm combined with a shortest path algorithm. Basically,
it decides which paths through the road network to explore, by utilizing a prior
distribution over the expected energy consumption. The prior distributions are
then updated with the observed results, in order to learn the energy consumption
for the road network efficiently.

The energy consumption can be seen as stochastic due to the fact that traffic is
constantly changing. The optimal path may depend on which time of the day it
is, since the best path during lunch may be crowded during rush hour. To prevent
sub-optimal paths from being chosen by the shortest path algorithm, continuous
exploration is needed. Further, the algorithm needs to be able to handle large road
networks, like countries and even continents. This requires more computational
power and to solve this, one approach may be to divide the road network into
partitions and distribute these to different compute nodes. If this extension of the
model is effective and can extend the travel distance for electric cars it may increase
the interest for BEVs.
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1. Introduction

1.1 Outline of the report
The report is structured as follows. First, we present related work to our project to
give the current state of the field. Then, we formulate our research question with
specified aims for the project. In Chapter 2, we present all theoretical background
that is needed to understand our method and applications, with text and pseudo-
code. Later, we describe our method, with focus on how we implement and combine
the algorithms presented in Chapter 2. Finally, Chapters 4 and 5 provide the results
and our conclusions, and also what has to be investigated in the future.

1.2 Related work
In [5], it was shown that it is possible to reduce carbon dioxide emissions from
vehicles by 15 - 20 % by taking the road grade into account. This method was
not self-learning and did not take the current traffic situation into account. [4]
showed that a navigation system can influence the driver and improve traffic effi-
ciency. Navigation on distributed road network graphs has been proven efficient in
[7] and [8]. Reducing energy consumption by self-learning navigation and combi-
natorial multi-armed bandit methods [6] has shown promising results. Google [9]
has introduced a distributed graph processing framework called Pregel that can be
used for finding shortest paths in graphs. Apache Spark is an open-source platform,
suitable for large-scale data processing in parallel on computer clusters, as well as
iterative machine learning tasks [10], [11]. Further, Spark offers a graph component,
called GraphX [12], which allows parallel graph computations. The combinatorial
multi-armed bandit problem approach to finding the most energy efficient path, in
a distributed road network, run with Apache Spark on a computer cluster has, to
our knowledge, not been studied in any prior work.

1.3 Aims
The goal of this project is to develop methods that can reliably, using observations
acquired over time, estimate the shortest path of a large network with stochastic
weights with reasonable run-time.

The aim of this project is to answer the following question: Is it possible to, by par-
titioning a road network and distributing the computations over a computer cluster,
find the most energy efficient path using combinatorial multi-armed bandit methods
and machine learning while reducing the total run-time?

To answer this, the following components are developed:

• A shortest path algorithm, which is able to accurately calculate the least energy
consuming path of a network.

• An online machine learning algorithm capable of utilizing the observations

2



1. Introduction

made with the shortest path algorithm to estimate the underlying energy con-
sumption distributions.

• A distributed system, which the shortest path and online machine learning
algorithms can be integrated into, which improves run-time.

The performance of the methods are evaluated in an experimental study where total
run-time is used as metric.
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2
Theory

In this section, all relevant background for the methods and techniques used in the
project is explained.

2.1 Graphs
A graph G(V , E) is a set of ordered pairs such that E are 2-element subsets of V
[13]. The elements of V are called vertices and the elements of E are called edges,
where the number of edges connected to each vertex v ∈ V is called the degree of v.
In this project, directed graphs are studied, which means that if the vertex v1 ∈ V
is connected to v2 ∈ V with an edge, it does not necessarily mean that v2 ∈ V is
connected to v1 ∈ V . A graph is a good way to structure data if there are underlying
relationships, e.g., the relations in a social network. Both vertices and edges can
have associated attributes. These attributes vary depending on what information is
important to the analysis. For example, if the graph is a road network, the vertex
attributes could be coordinates, while an edge attribute may be the time required
to traverse the edge.

2.2 Shortest path algorithms
When examining the paths of a network it is essential to have a way to quickly
find the optimal path from one vertex to another. The types of algorithms which
are designed to optimize this problem are called shortest path algorithms, since the
edge attributes typically represent the distance between vertices. There are multiple
algorithms with different advantages and disadvantages, and choosing the right one
can have a large effect on the performance and run-time of the method.

A well-known shortest path algorithm is Dijkstra’s algorithm [14] which for a given
source vertex finds the shortest paths to all other vertices in the network. First,
a list of all the end vertices of the paths currently explored and their distance to
the source vertex is initialized. The neighbours of the end vertex with the current
shortest distance to the source vertex are then explored and new end vertices are
added to the list. This continues until the target vertex is found, and the distance
back to the source vertex is obtained. The algorithm can be terminated when the
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2. Theory

shortest path to the target vertex has been determined and therefore prevent unnec-
essary computations from being performed. Dijkstra’s algorithm is summarized in
Algorithm 1.

Algorithm 1 Dijkstra’s algorithm
procedure Dijkstra(Graph G, Source vs ∈ V)

List of distances to source vertex Dist
List of predecessor vertices Prev
Set of potential shortest path vertices Vpotential ← ∅
for each vertex v ∈ V do

Dist[v]←∞
Prev[v]← Nothing

end for
Vpotential ← Vpotential ∪ {vs}
Dist[vs]← 0
while Vpotential is not empty do

vc ← arg minv∈Vpotential Dist[v]
if vc = vd then

break
end if
Vpotential ← Vpotential \ vc

for each outgoing neighbor vn of vc do
wc,n ←Weight of edge from vc to vn

l← Dist[vc] + wc,n

if l < Dist[vn] then
Dist[vn]← l
Prev[vn]← vc

if vn is not in Vpotential then
Vpotential ← Vpotential ∪ {vn}

end if
end if

end for
end while
return Dist, Prev

end procedure

Another shortest path algorithm that is widely used is the A* search algorithm [15].
A* is dependant on a heuristic function HeuristicFunction, which estimates the
distance from the current vertex to the target vertex. At each vertex, an estimation
of the distance to the target vertex is made, based on the traversed distance and
the heuristic function. The algorithm chooses the path with the shortest estimated
distance. With different heuristic functions, accuracy or speed can be favored. Un-
like Dijkstra’s algorithm, A* only finds the shortest path from the source vertex to
the target vertex and does not store the shortest distance to all other vertices. The
A* algorithm is seen in Algorithm 2.

6



2. Theory

Algorithm 2 A* algorithm
procedure A*(Graph G, Source vs ∈ V , Destination vd ∈ V , HeuristicFunc-
tion)

List of distances to source vertex Dist
List of estimated distances to target vertex EstimatedTotal
List of predecessor vertices Prev
Set of potential shortest path vertices Vpotential ← ∅
for each vertex v ∈ V do

Dist[v] ← ∞
EstimatedTotal[v] ← ∞
Prev[v] ← Nothing

end for
Vpotential ← Vpotential ∪ {vs}
Dist[vs] ← 0
EstimatedTotal[vs] ← HeuristicFunction(vs)
while Vpotential is not empty do

vc ← arg minv∈Vpotential EstimatedTotal[v]
if vc = vd then

break
end if
Vpotential ← Vpotential \ vc

for each outgoing neighbor vn of vc do
wc,n ←Weight of edge from vc to vn

l← Dist[vc] + wc,n

if l < Dist[vn] then:
Dist[vn] ← l
EstimatedTotal[vn] ← Dist[vn] + HeuristicFunction(vn)
Prev[vn] ← vc

if vn is not in Vpotential then
Vpotential ← Vpotential ∪ {vn}

end if
end if

end for
end while
return Dist, Prev

end procedure

2.3 Multi-armed bandit problems and algorithms

One approach to finding the optimal path when the edge weights are stochastic
and the distributions are initially unknown is to implement a multi-armed bandit
algorithm. These types of algorithms are occasionally used for combinatorial prob-
lems where each possible choice has an individual, unknown probability of being
the best, and where exploration is required to learn the optimal choice. This type
of problem is based on a setting where there is a set A of multiple slot machines
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2. Theory

(or arms) available, each machine a ∈ A having an individual, unknown probability
of resulting in a win. If one has a finite amount of rounds T to play and multiple
arms to choose from, a multi-armed bandit algorithm offers a strategy to find the
best arm, in terms of expected payoffs. A trade-off between searching for the best
arm, called exploration, and playing the best arm found, called exploitation has to
be made, since the number of rounds is limited [16]. An algorithm that chooses the
best feasible arm, given expected rewards is called an oracle, and is a crucial part
of the multi-armed bandit algorithm. The multi-armed bandit algorithm is outlined
in Algorithm 3.

Algorithm 3 Multi-armed bandit algorithm
for t ∈ [1, T ] do

Select arm at ∈ A
Receive reward rt(at)
Use observed reward rt(at) to update knowledge

end for

A Bayesian greedy multi-armed bandit algorithm takes the expected reward (as-
sumed to be sampled from a prior distribution) for each arm and exploits the arm
with the highest value. After each round, the prior is updated with the observed
reward and is used as the new prior in the next round. The greedy algorithm results
in a low level of exploration. An extension of this algorithm is the ϵ-greedy method.
Each round, it exploits the arm with the highest estimated expected reward with a
probability of 1 − ϵ, and otherwise it explores a random arm, with a usually small
probability ϵ. This extension of the algorithm often finds better arms but does not
explore in an informative way [17].

Thompson Sampling was first introduced in 1933 by William R. Thompson [18],
but not popularized until circa 2010 [17], [19]. Like the ϵ-greedy algorithm, the
Thompson Sampling method is both exploring and exploiting, but the explo-
ration is done in an informative manner. It samples expected rewards from the
prior distributions and chooses the arm with the highest sampled expected reward,
while observing the reward revealed by the environment. This way, the algorithm
explores arms with the potential of being the optimal arm according to the prior
beliefs. Previous work [20] has shown that the Thompson Sampling method is out-
performing greedy algorithms in finding the optimal arm. Thompson Sampling
for the stochastic shortest path problem is outlined in Algorithm 4.

Another bandit strategy is called the Bayesian Upper Confidence Bound algorithm,
Bayes-UCB [21], [22]. This is an optimistic approach to the multi-armed bandit
problem [23]. This algorithm is usually used to maximize reward, but since the goal
is to find the shortest path, the algorithm has been modified to choose the arm with
the smallest lower confidence bound, which is a probable underestimation of the
expected mean. Each time an arm is chosen, the confidence bound narrows, which
may result in another arm having the lowest confidence bound in the next round and
may therefore be chosen next. The accuracy of the confidence bound increases as an
arm is played. In this manner, an arm can only be chosen if the confidence bound is

8
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Algorithm 4 Thompson sampling
procedure ThompsonSampling(Graph G, Source vs ∈ V , Destination vd ∈ V ,
Prior parameters θe,0 for e ∈ E)

for t ∈ [1, T ] do
for each edge e ∈ E do

Use parameters θe,t−1 to sample edge weight from distribution
end for
Use shortest path algorithm to find shortest path between vs and vd with

respect to sampled edge weights
Traverse the shortest path to observe reward re for each e
for each e in shortest path do

Update θe,t according to re

end for
end for

end procedure

lower than for the optimal arm, and over time the bounds will concentrate, leaving
the optimal arm with the smallest lower bound (in expectation). Bayes-UCB for
the stochastic shortest path problem is outlined in Algorithm 5.

Algorithm 5 Bayes-UCB
procedure Bayes-UCB(Graph G, Source vs ∈ V , Destination vd ∈ V , Prior
parameters θe,0 for e ∈ E)

for t ∈ [1, T ] do
for each edge e ∈ E do

Use parameters θe,t−1 to calculate the Upper Confidence Bound edge
weight

end for
Use shortest path algorithm to find shortest path between vs and vd with

respect to Upper Confidence Bound edge weights
Traverse the shortest path to observe reward re for each e
for each e in shortest path do

Update θe,t according to re

end for
end for

end procedure

One way of implementing a Bayesian version of UCB is to adapt the Gaussian
Process Upper Confidence Bound introduced in [24], which can be used to calculate
the edge weights according to Equation 2.1 with a modification to calculate the
lower confidence bound

we,t = µe,t−1 −
√

βtσe,t−1, βt = 2ln

(t2 + 1)|A|√
2π

. (2.1)

9



2. Theory

If the prior distribution is described by a Gaussian distribution, µe,t−1, σ2
e,t−1 are the

prior distribution parameters for edge e and A is the action space.

Another method [22]of calculating the lower confidence bound is by using the quan-
tile function with the posterior distribution, where the value for which a certain
percentile of the distribution is less than, is used as the edge weight.

To evaluate the performance of the algorithms, one can evaluate the regret. It is the
difference in expected reward between the actual optimal arm and the arm selected
by the algorithm, and is defined in Equation 2.2 as

Regret(T) = E

 ∑
t∈[T ]

(E[rt(a∗)]− E[rt(at)])

 , (2.2)

where a∗ is the optimal arm and at is the arm proposed by the algorithm. The sum
is over each round t ∈ [T ].

2.4 Distributed computing
The memory and number of computations required for the methods outlined above
increases as the network increases in size, hence the computational demands even-
tually becomes too much when executed on a single machine. To deal with this
problem, distributed computing may be utilized. One way to apply distributed com-
puting is to partition a data set into smaller segments, enabling that each partition
can be operated upon as an individual data set. A cluster of compute nodes is
then used to perform computations in parallel rather than in sequence. One can
think of it as multiple computers calculating different parts of the same calculation
simultaneously, but since they only have access to some of the data locally, they
have to request and receive information from the other compute nodes. This com-
munication between the nodes is quite costly in terms of time delay [25], compared
to operations within a single compute node. Therefore this method is used when
dealing with large data sets, since the benefit from parallelization has to outweigh
the added communication overhead.

To further reduce the run-time, one can examine how the partitioning is performed,
since an optimized partitioning scheme can lead to fewer communications between
partitions. The number of partitions and how to divide the data in relation to the
size and structure of the network have to be investigated to find an optimal partition
strategy.

In 2010, Google released a model for large-scale graph processing called Pregel
[9]. This model has many applications and the implementation differ with each.
For the shortest path problem, the computations in Pregel are performed in a
sequence of iterations, called a superstep. In each superstep, vertices are sending
and receiving messages and updating their statuses (active or inactive). A superstep
includes receiving and combining messages, checking and updating vertex status,

10



2. Theory

and sending messages. When no vertices are active, the algorithm is terminated.
The Pregel computational model is outlined in Algorithm 6.

Algorithm 6 Pregel
procedure Pregel(Graph G)

Set initial state, value and messages of each vertex v ∈ V
while active messages remain do

for all v ∈ V with active messages (in parallel) do
Receive and aggregate messages for ingoing edges from neighboring ver-

tices to v, according to user defined transformation and aggregation functions
Update state and value of v, and send messages through outgoing edges

to neighbouring vertices
end for

end while
return Transformed graph G ′

end procedure

2.4.1 Apache Spark
Apache Spark is a software framework for large-scale data processing [26]. By dis-
tributing processing work to a cluster of computing nodes, it offers the user efficient
tools for distributed programming. The reason for Sparks ability to handle large
data sets with ease is its architecture. Spark is a cluster computing framework and
offers a partitioned collection of elements called a Resilient Distributed Data set,
RDD [27], allowing parallel computations to be performed on the elements. New
RDDs can be created through transformations of existing RDDs, with operations
like map and filter. The map operation passes the source RDD through a specified
function, applying it to each element in parallel before building the new RDD, based
on the function value. In the same way, filter passes the source RDD through a
filter function and creates a new RDD containing only the elements for which the
condition is true [28]. The elements in the RDDs can also be aggregated using ac-
tions like reduce which aggregate elements of data sets with a commutative and
associative binary function, which takes two arguments and returns a single value.

A Spark cluster consists of one master and multiple worker nodes. The master re-
ceives instructions from the application, and forwards the instructions to the workers
while monitoring all activity [29]. Partitions can be distributed to different workers
by the master. When operations require data to be shared between partitions, Spark
performs a Shuffle operation, which consists of three steps [27], [28]. First, the map
transformation is used to partition the data based on a key. Then the shuffle op-
eration distributes data between nodes, grouping data with the same key. This is
a costly process that requires moving a lot of data. Lastly, the reduce action is
performed to aggregate the data.

When running an application, Spark has two ways of scheduling jobs [30], where a
job is an action, like reduce, and the tasks needed to perform that action. Jobs get
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2. Theory

divided into stages, e.g., map and reduce phases, and are run in the order launched.
This is known as a FIFO-scheduler (First In First Out), and the first job gets all
available cluster resources, while the second job gets priority next. If a job does not
need all resources, the next job is launched with the unused resources. The second
scheduler is called FAIR, and it assigns an equal share of resources to all jobs and
allows launching jobs even if long jobs are still running.

As mentioned, RDDs are data sets divided into partitions. A graph can be par-
titioned in different ways and two common methods are vertex-cut and edge-cut
[31] which differ in where to draw the partition border, through vertices or through
edges. Spark offers a graph processing framework called GraphX [12] which utilizes
vertex-cut [32]. Further, GraphX uses RDDs to allow parallel computing on graphs,
and also enables a Pregel API. Graphs are constructed of an EdgeRDD and a Ver-
texRDD. The edge and vertex can be combined into a triplet, which contains the
attributes of the edge and its connected vertices. These triplets are stored in an
additional RDD associated with the graph.

The GraphX Pregel API comes with the ability to cache RDDs to prevent the
system from rebuilding RDDs, hence reducing execution time [12]. When run on a
distributed system, the cached data must be available to all compute nodes. Apache
has designed a distributed file system [33] which makes stored data available to all
workers in the cluster.

2.4.2 Docker
Docker is a software that utilizes the concept of containers, where a container is
a software environment that consists of all the code and dependencies required for
running a specific process or application [34]. A machine can run multiple containers
with different operating systems and applications and it is also possible to run a
single application, distributed on multiple containers. Containers offer a way to
isolate single or multiple specific environments on a single machine and the Docker
software enables the user to setup and manage containers easily. It is possible to set
up a virtual network with multiple containers as a Spark cluster, with containers
assigned as master and workers on single or multiple actual machines. To run an
application with Docker, an image is needed. An image is a package with everything
needed to run the application, such as how to initiate the containers and which
libraries to add.

2.5 Data
Data sets of road networks as graphs are available as open source through Open-
StreetMap [35]. They contain the coordinates of each road segment and intersection,
as well as characteristics such as length, speed limit, mean time to traverse, and
mean energy consumption for each road segment, and are pre-processed to filter out
unnecessary information. The mean energy consumption is calculated based on the
assumptions made in [6]. The resulting graphs are of low degree, since no vertex
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has more than 8 neighbors. These maps come in varying sizes, but Sweden is repre-
sented by a graph with 680 000 vertices and 1 600 000 edges, as a reference. These
characteristics are important to recognize since they can help identify the optimal
partitioning strategy [36].

2.5.1 Partitioning
A rule of thumb in partitioning is to have equally sized partitions [37]. A graph of a
road network may be heterogeneous due to the number of connections inside a city
being much greater than between cities. Furthermore, it is desirable to have as few
connections between partitions as possible since these may be between computer
nodes in a cluster and will increase communication time. These two conditions
make a heterogeneous graph harder to partition. To reduce communication between
partitions one may want to have cities in different partitions, since connections
between cities most likely are fewer than within, but this will probably result in
unequally sized partitions.
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Methods

The programming language used in this project is Scala, since the Spark framework is
constructed using it. The distributed combinatorial multi-armed bandit algorithm
can be generalized as follows: The data is pre-processed, converted into a graph
and partitioned. Then, in each iteration, weights are generated from the prior
distributions using a specified bandit strategy to create a static network which can be
used as input in the shortest path algorithm. The observed rewards from traversing
the path are then evaluated and the prior distributions are updated accordingly.
This is run locally on a Spark cluster.

3.1 Data pre-processing
A CSV file containing data of the Swedish road network is read and converted into a
GraphX graph with energy consumption as edge attributes (derived using Equation
2.1 in [6]). Geographical restriction is applied to reduce the network to a manageable
size, due to limited computing resources.

Like in [6], the energy consumed by traversing a road segment is assumed to be
Gaussian distributed, with the mean µe and the variance σ2

e,noise, due to its depen-
dency on multiple statistically independent factors. We also assume that σ2

e,noise is
fixed and known, and that the energy consumption of different edges is mutually
independent. Also as performed in [6], we take a Bayesian approach and assume
that µe is Gaussian distributed with prior parameters µe,0 and σ2

e,0, determined by
the mean consumption from the data set. In line with this assumption, we sample
µe for all e ∈ E from the prior distributions at the beginning of each experiment to
act as the underlying reward distributions of the environment.

3.2 Partitioning
GraphX in Spark offers four different partitioning strategies; RandomVertexCut
(RVC), CanonicalRandomVertexCut (CRVC), EdgePartition1D (EP1D)
and EdgePartition2D (EP2D). RVC and CRVC partitions the edges arbitrarily
across partitions by hashing the source and vertex ID of the edge, where CRVC
place edges between the same vertices into the same partition, regardless of direction,
unlike RVC. EP1D and EP2D partitions the edges based on the IDs of its vertices.
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While EP1D only considers the source vertex of the edge, EP2D considers both the
source and the target vertex. These four strategies are compared against each other
and the best one is used in the intricate tests and represents a vertex ID-based
partition strategy.

One hypothesis is that cross-partition communications can be reduced if the edges
are partitioned based on their geographical location. EP1D and EP2D partitions
are based on source and target vertex IDs, but the vertex IDs have no geographical
relation. Since the coordinates of each vertex are available, it should be possible to
utilize them to create a better partition strategy.

One approach to partition the data is to use clustering. If the data is clustered based
on their geographical position, edges close to each other, i.e. in cities, should be
partitioned together to a higher extent than by random partitioning. The kmeans
method aims to find cluster centers that minimize the sum of squared distances from
each data point in the cluster to the center point [38]. Another clustering method
is Gaussian Mixture Model clustering (GMM) [39] which is a probabilistic method.
The data is assumed to be generated from different Gaussian distributions and the
model is trying to estimate the parameters of each distribution. The data points
are clustered to the distribution that has the highest probability of generating the
points.

3.3 Multi-armed bandit framework
The first step of our distributed Combinatorial Multi-Armed Bandit (CMAB) Al-
gorithm, seen in Algorithm 7, is the initialization of a distributed GraphX graph,
described in 3.1, with the prior distribution parameters as edge attributes. Then, for
each time step t ∈ [1, T ] a set of parallel Spark operations follows, which distributes
the combinatorial bandit algorithm from [6] across partitions. The operations are
selected in such a way that no communication is required between these partitions,
except for the shortest path computation, where Pregel is utilized.

By applying the map function BanditStrategy onto all edges of the graph, each
edge is assigned an additional attribute, which is used as the edge weight for the
shortest path computation.

BanditStrategy uses either Thompson Sampling or Bayes-UCB to generate
this attribute according to Equation 2.1.

This graph is then, together with the source vertex vs,t, used in Algorithm 9 to find
the shortest path from vs,t to all other vertices. The graph PathGraph is returned, in
which the attributes of each vertex contain a list with all the vertices in the shortest
path to the source vertex and the total sum of that path’s edge weights. Since only
the path between vs,t and the destination vertex vd,t is of interest, Filter is applied
on PathGraph to return a VertexRDD with only one element, called PathRDD.

The Spark Cartesian operation returns the cartesian product of the single-element
PathRDD and the VertexRDD of the original graph PriorGraph, to create PathVer-
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texRDD, where each vertex has information regarding the shortest path from vs,t to
vd,t. PathVertexRDD is then combined with the EdgeRDD of PriorGraph to create
OracleGraph. The UpdatePosterior function is then applied onto all elements
in the TripletRDD of OracleGraph in parallel, using the Map operation.

UpdatePosterior examines if the edge e is part of the shortest path from vs,t to
vd,t. In that case, a reward re is observed from the environment, which is used to
update the posterior distribution parameters of e.
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Algorithm 7 Distributed Combinatorial Multi-Armed Bandit Algorithm
procedure Distributed-CMAB-Algorithm

PriorGraph ← Initialization of GraphX graph (VertexRDD and EdgeRDD),
with no vertex attributes and with edge attributes for each e ∈ E set to the prior
parameters µe,0, σ2

e,0
for t ∈ [1, T ] do

BanditGraph ← PriorGraph.MapEdges(BanditStrategy)
Receive current source vs,t and destination vd,t vertices from environment
PathGraph ← ShortestPathGraph(BanditGraph, vs,t)
PathRDD ← PathGraph.VertexRDD.Filter(v = vd,t)
PathVertexRDD ← PriorGraph.VertexRDD.Cartesian(PathRDD)
OracleGraph ← Graph(PathVertexRDD, PriorGraph.EdgeRDD)
PosteriorGraph ← OracleGraph.TripletRDD.Map(UpdatePosterior)
PriorGraph ← PosteriorGraph

end for
return Graph

end procedure

procedure BanditStrategy(e)
(µe,t−1, σ2

e,t−1)← Attributes of e
if using Thompson Sampling then

Use parameters µe,t−1, σ2
e,t−1 to sample edge weight we from posterior dis-

tribution
else if using Bayes-UCB then

Use parameters µe,t−1, σ2
e,t−1 to calculate the Upper Confidence Bound edge

weight we

end if
return New attributes of e: (µe,t−1, σ2

e,t−1, we)
end procedure

procedure UpdatePosterior((v1, e, v2))
pv1 ← Attribute of v1
(µe,t−1, σ2

e,t−1)← Attributes of e
if v1 and v2 is part of pv1 then

Observe reward re from environment
σ2

e,t = 1
1

σ2
e,t−1

+ 1
σ2

e,noise

µe,t = σ2
e,t ∗ (µe,t−1

σ2
e,t−1

+ re

σ2
e,noise

)
else

σ2
e,t ← σ2

e,t−1
µe,t ← µe,t−1

end if
return New attributes of e: (µe,t, σ2

e,t)
end procedure
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3.4 Shortest path algorithm as oracle
Since the edges of the network describe energy consumption, it is possible for the
edge values to be negative i.e., traversing a road segment generates energy. How-
ever, since the energy consumption is stochastic, this may results in negative loops,
hence traversing that path would generate energy endlessly, breaking the law of
conservation of energy. Therefore, we restrict the edge weights to be positive.

A heuristic function is hard to design, since the energy consumption is a combination
of many factors, some being stochastic. This, together with the fact that it is
necessary that the heuristic function never overestimates the consumption, makes
the A* search algorithm difficult to implement.

The oracle is therefore based on a distributed version of Dijkstra’s algorithm, uti-
lizing the GraphX version [12] of the Pregel algorithm, which can be seen in
Algorithm 8.

Algorithm 8 Apache Spark GraphX Pregel
procedure Pregel(Graph, InitialMessage, VProg, SendMsg, MergeMsg)

Graph ← Graph.MapVertices(VProg(InitialMessage))
MessageRDD ← Graph.TripletRDD.Map(SendMsg)
MessageRDD ← MessageRDD.Reduce(MergeMsg)
while MessageRDD not empty do

Graph ← Graph.JoinVertices(MessageRDD, VProg)
MessageRDD ← Graph.TripletRDD.Map(SendMsg)
MessageRDD ← MessageRDD.Reduce(MergeMsg)

end while
return Graph

end procedure

In the first step of the Pregel algorithm, an initial message is sent to each vertex.
MapVertices applies the function VProg, with respect to the initial message,
onto the attributes of every vertex of the graph. SendMsg is then applied onto
all elements in the TripletRDD of the updated graph to create messages, which
are stored in MessageRDD. The reduce function MergeMsg is applied onto Mes-
sageRDD, where if a vertex receives multiple messages, MergeMsg reduces those
to one.

A loop then starts, which continues as long as MessageRDD is not empty. Join-
Vertices joins the vertices of the graph with the messages in MessageRDD and
is followed by the map function VProg onto the joined vertices. This results in a
new VertexRDD which replaces the previous one in the graph. Map and Reduce
is then performed the same way as previously (with SendMsg and MergeMsg,
respectively) to create a new MessageRDD.

The usage of Pregel in a single source shortest path algorithm (based on the
algortihm outlined in [12]) can be seen in Algorithm 9 . With InitializeGraph,
each vertex v ∈ V in the network is assigned two attributes. The first attribute
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Algorithm 9 Shortest Path Graph
procedure ShortestPathGraph(Graph, source vertex vs)

Graph ← Graph.MapVertices(InitializeGraph)
InitialMessage ← (∞, List[ ])
return Pregel(Graph, InitialMessage, vprog, sendMsg, mergeMsg)

end procedure

procedure InitializeGraph(v)
pv ← List[ ]
if v = vs then

dv ← 0
else

dv ←∞
end if
return New attributes of v: (dv, pv)

end procedure

procedure VProg(v, Message)
(dv, pv) ← Attributes of v
(dMessage, pMessage) ← Attributes of Message
if dMessage < dv then

return Attributes of Message
else

return Attributes of v
end if

end procedure

procedure MergeMsg(Message1, Message2)
(dMessage1 , pMessage1) ← Attributes of Message1
(dMessage2 , pMessage2) ← Attributes of Message2
if dMessage1 < dMessage2 then

return Attributes of Message1
else

return Attributes of Message2
end if

end procedure

procedure SendMsg((v1, e, v2))
(dv1 , pv1) ← Attributes of v1
(dv2 , pv2) ← Attributes of v2
we ← Attribute of e
if dv1 + we < dv2 then

dMessage ← dv1 + we

pMessage ← Append v1 to pv1

return Attributes of Message: (dMessage, pMessage)
else

return No Message
end if

end procedure20
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pv is a list which stores the vertices that are part of the shortest path from vs to
v, making backtracking possible. The second attribute, dv is the accumulated edge
weights of the current shortest path from the source vertex. Each edge e ∈ E has
one attribute, we which denotes the length of the edge. After the graph is initialized,
the initial message is created, which is sent to all vertices in the beginning of the
algorithm.

The function VProg replaces the attributes of a vertex if an incoming message
contains a shorter path than its current shortest path. If a vertex receives multiple
messages, MergeMsg checks which of them contains the shorter path and passes
it on to the vertex. SendMsg sends messages to neighboring outgoing vertices if a
shorter path can be obtained. This process is visualized in Figure 3.1.
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Figure 3.1: A schematic overview of the Pregel shortest path algorithm in a network
with five vertices over three iterations. The edge numbers represent their weights and the
vertex number is the shortest path to the source vertex. Black arrows indicates messages
being sent.

3.5 Experimental setting
There are many different parameters to vary in the experimental setting. The ap-
proach is first to establish which multi-armed bandit strategy performs best and
then test different configurations, adjusting network size, number of partitions and
partitioning strategy. The model is run locally, therefore different levels of latency
are added to simulate a network environment. The setup for all experiments is found
in Appendix A.

3.5.1 Choosing multi-armed bandit strategy
To measure the performance of Thompson Sampling and Upper Confidence Bound,
cumulative regret is calculated according to Equation 2.2. The best-performing
algorithm is then used for the remaining experiments. The same network with
the same source and target vertices is used throughout the tests. Using the same
vertices results in fewer road segments to explore and fewer parameters to adjust and
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therefore reduces the time steps needed to observe if an algorithm exhibits sub-linear
regret.

3.5.2 Testing network and cluster parameters
There are many metrics which can be used to measure the performance of the
algorithm. Time is a good metric since it is expected to be related to the number
of cross-partition communications. The number of cross-partition communications
is affected by the size of the graph, the partitioning strategy and the number of
partitions, and the cross-partition communication time is increased as more latency
is added. The experiments are therefore designed to vary graph size, partition
strategy, number of partitions and latency between partitions, and see how the
run-time is affected. The run-time differs somewhat between experiments due to
fluctuations in available resources, hence an average of six runs is used. Only one
parameter is changed at a time in the experiments.

The Sweden road network consists of approximately 1.6 million edges. Due to limited
computing resources, the network is geographically restricted, and experiments are
performed on sizes of 5 000, 40 000, and 100 000 edges. Some additional experiments
with other regions are carried out as well.

3.5.3 The Spark cluster
A Spark cluster is set up locally in a Docker environment with a total of 20 GB of
memory and 16 cores, with one worker node per container. The container cluster
uses a pre-built Apache Spark Docker image [40]. The number of workers is equal
to the number of partitions in all experiments. The master memory is set to 4 GB,
while the remaining 16 GB is evenly distributed across the worker nodes, which
means that the total memory is equal for all experiments. To simulate a network
environment, some latency is added to all containers.
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The aim of the project is to create a framework able to learn and find the least
energy-consuming path, while also doing so in a distributed way and with reasonable
run-time. Each aspect is individually evaluated and the results are presented as
graphs.

4.1 Learning the least energy-consuming path
To evaluate the framework’s performance using Thompson Sampling and Bayes-
UCB as the bandit strategy, only a fraction of the Swedish road network was used.
Since many iterations are needed to evaluate the performance of the bandit strate-
gies, a smaller network was used to get keep the run-time manageable. Since the
framework’s performance is highly dependent on the relation between the prior dis-
tributions and the underlying reward distributions, multiple levels of variances were
compared.

The prior and noise variances are assumed to be proportional to the approximated
energy consumption µe,0 and are scaled with a factor such that σ2

e,0 = (ϕµe,0)2 and
σ2

e,noise = (ϕµe,0)2. Throughout each test, the scaling factor for the prior and noise
variances remained the same and the different values used were ϕ = (0.05, 0.1, 0.2).

In Figure 4.1 UCB has a much higher cumulative regret for all levels of variance.
For all levels of variance, for both UCB and TS, there is a large increase in cumula-
tive regret the first 100-200 time steps and then the slope decreases and the regret
saturates at different rates, generally quicker for lower variances.

4.2 Run-time of the framework
The results from the experiments testing out partitioning strategy, network size and
latency for different numbers of partitions while measuring the run-time are shown
in Figure 4.3. All data points are an average of 6 repetitions. One experiment was
run with 1 partition, with one worker with zero latency to the master node and 40
000 edges, and the run-time average was 49.7 seconds.

The GraphX built-in partitioning strategies were run on a network of size 40 000
edges with 4 partitions and 4 workers each with 4 GB memory. The driver was allo-
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Figure 4.1: Cumulative regret for multi-armed bandit algorithms on a restricted network
using UCB and Thompson Sampling as bandit strategies. The values are an average of
3 repetitions, with bands representing ±1 standard deviation. Different levels of variance
are used for both strategies. The second plot shows the same results but without UCB
with σ2

e,0 = (0.2µe,0)2 and σ2
e,0 = (0.1µe,0)2.

cated 4 GB of memory. The run-time was similar for all strategies, and EdgePar-
tition2D was chosen for the following experiments.

EdgePartition2D was then compared to the partitioning strategies using kmeans
and GMM clustering. In Figure 4.2 a visualization of the partitioning with the three
methods is shown.

Figure 4.2: Visualization of the different partitioning strategies EdgePartition2D,
kmeans clustering and GMM on a network of 40 000 vertices.

While testing different partitioning strategies and their respective run-time, having
the same conditions was crucial. The network, source and target vertices and cluster
parameters were kept the same, making a comparison possible. Each of the strategies
is deterministic, so there are no stochastic elements and therefore no reason to re-
partition the graph each iteration.

As seen in Figure 4.3, the run-time for 2 partitions is almost the same for all strategies
and the kmeans-strategy has the shortest run-time for 4 partitions. EdgeParti-
tion2D has the longest run-time in all experiments and kmeans and GMM has
similar run-time for both 8 and 12 partitions. The second plot shows that run-time
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increases with network size. The network with 5 000 edges has the shortest run-time
with 2 partitions and the networks with 40 000 and 100 000 edges have the shortest
run-time with 4 partitions. The third plot shows that the run-time increases as
latency is added to the containers.

Figure 4.3: Experiments testing partitioning strategy, network size and latency for dif-
ferent number of partitions while measuring the run-time. The run-time is averaged over
6 repetitions with bars representing ±1 standard deviation. In the experiment with parti-
tioning strategy and latency, the map is of Malmö with 40 000 edges. In the experiments
with network size, the area of Malmö is extended.

In Figure 4.4, the run-time for kmeans and GMM partitioning strategies are shown
for the cites of Uppsala and Jönköping in the Sweden road network. The Uppsala
area consists of 23 000 edges and Jönköping consists of 19 000 edges.

Figure 4.4: The run-time for the partitioning strategies kmeans and GMM for two
different areas of the Sweden road network. Uppsala has 23 000 edges and Jönköping
has 19 000 edges. The run-time is averaged over 6 repetitions with bars representing ±1
standard deviation.

In Figure 4.5, the partitioning with kmeans and GMM from Figure 4.3 and 4.4 is
visualized.
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Figure 4.5: Visualization of the partitioning strategies kmeans clustering and GMM on
three different locations in Sweden.

The number of edges in the partitions when partitioning Uppsala and Jönköping
with kmeans and GMM is seen in Figure 4.6.

Since the edges were partitioned, the number of vertices connected to edges belonging
to different partitions is a good metric of partition performance. These vertices are
called cut vertices and the number of cut vertices when partitioning Uppsala and
Jönköping with kmeans and GMM is seen in Figure 4.7.
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Figure 4.6: The size (number of edges) of the partitions when partitioning Uppsala and
Jönköping with kmeans and GMM.

Figure 4.7: The number of cut vertices when partitioning Uppsala and Jönköping with
kmeans and GMM.
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5
Discussion and Conclusions

In this chapter, the results are analyzed and discussed. The conclusions are summa-
rized in section 5.2 and the chapter ends with suggestions for future work.

5.1 Discussion
The Discussion section starts with an evaluation of the methods in the project and
presents an analysis of the results.

5.1.1 Multi-armed bandit methods
Thompson Sampling performs better in terms of cumulative regret for all levels of
the variances, and the difference between Thompson Sampling and UCB becomes
more apparent as the variances increase.

This is to be expected due to the nature of UCB. Whenever a path is chosen, each
edge of that path is observed, which contributes to reduced uncertainty regarding
those edges. Since UCB favour edges with high uncertainty, the algorithm is less
inclined to choose that edge again. This can especially be seen in the first 200 time
steps when σ2

e,0 = (0.2µe,0)2, where the algorithm explores many different paths,
accumulating a large amount of regret. This means that UCB explores and observes
a larger part of the network, which may be more useful when not only traversing
between the same source and target vertices.

Edges with high uncertainty are not favoured to the same degree with Thompson
Sampling. A higher posterior uncertainty results in a wider range of edge weights
being sampled with Thompson Sampling. As edges are traversed and rewards are
observed, the new sampled values will be closer to the expected value of the posterior
distribution, since the posterior variance is decreased and exploration becomes less
prioritized as the algorithms continue.

A low cumulative regret value is desirable since that means the path with the lowest
true expected energy consumption is chosen often, but as other paths are traversed,
information of energy consumption is gathered. This information can then be used
to correctly choose the least energy consuming path between other vertices, but this
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is not taken into consideration when studying the cumulative regret as it is defined
here (between two fixed vertices).

5.1.2 Setup
The setup we used to run experiments was a single personal computer with a Docker
environment, allowing us to set up multiple Docker containers as virtual machines.
Each one was allocated a certain amount of memory and processing power, with
simulated latency added to the containers to increase communication time between
the containers. This made it possible to simulate a cluster of multiple machines.
A drawback with setting up the cluster locally is limitations in memory and the
number of processor units, hence the run-times became quite long. It resulted in
limitations in how big networks we were able to process. Networks with more than
100 000 edges exceeded the available memory. The number of partitions was also
limited since every container represented a machine, and each container needed at
least one processor. When trying to run 16 partitions, the memory allocated to each
worker was not sufficient, hence 12 partitions was the largest number of workers we
were able to run. More memory and processing power would allow experiments with
more partitions and larger networks. In [41], a cost model for Pregel was designed,
and it was concluded that the execution time depends on the cluster configuration,
with the data transfer as an important factor. In our setup, the limited memory is
a potential bottleneck for the computation time. For reference, in [41] the authors
set up a cluster of 1 master and 5 worker nodes, where each worker had 45 GB of
memory, compared to 16 GB in total for all workers in this project.

When looking into the jobs taking place during a run, we could see that a lot of
RDD blocks were created during each job. This could be avoided in some cases
by caching RDDs to a distributed file system, making the RDDs available for all
containers. A full cycle of Pregel consisted of approximately 200+ jobs for a graph
with 40 000 edges and 4 partitions. If more RDDs were cached, the number of jobs
could potentially have been reduced, which would have decreased the run-time. The
reason this was not implemented was due to limited time for the project, and also
due to the additional computational resources required. A setup with a distributed
file system would need approximately five extra containers, each requiring a share of
the available computational resources. With limited resources available, this could
potentially affect the performance negatively instead.

5.1.3 Parameters
In this section, we discuss the results from varying the parameters related to the
partitioning strategy, network size, latency, and number of partitions.

5.1.3.1 Partition strategy

Looking at Figure 4.2, it is clear that EdgePartition2D is partitioning the edges
arbitrarily, even though it is based on the source and target ID. This is because the
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IDs do not have any relation to the edge coordinates. kmeans and GMM exhibit
a better ability to partition edges close to each other in the same partition. GMM
seems to be slightly better at clustering the edges in the same cities together.

For 2 partitions, the run-time was roughly the same for all strategies. All strategies
had their lowest run-time with 4 partitions, after which all run-time increased as
the number of partitions increased. The run-time of EdgePartition2D increases
significantly more than kmeans and GMM at 8 and 12 partitions. This may be due
to the fact that EdgePartition2D partitions the edges arbitrarily while kmeans
and GMM partitions them based on geographical location. Since cross-partition
communication only happens when a vertex crosses partition borders, a strategy
that partitions edges based on the edge coordinates is expected to minimize these
communications compared to an arbitrary strategy. Since the number of workers is
equal to the number of partitions, an increasing number of partitions results in more
cross-partitioning communications, especially if the edges are partitioned arbitrarily.
Figure 4.7 displays the number of cut vertices for kmeans and GMM clustering of
Uppsala and Jönköping. GMM has approximately three times the number of cut
vertices as kmeans. Still the run-time does not vary significantly. Even though
GMM has more cut vertices, they are still quite few. For 4 partitions it has 200 cut
vertices, which is approximately 2 % of the total number of vertices.

More experiments with different regions and numbers of partitions would be needed
to determine if there is an optimal partitioning strategy. Figure 4.5 visualizes how
the two clustering methods differ. kmeans always creates contiguous cluster while
GMM sometimes clusters edges from different parts of the map together. This is
expected to increase the run-time. In Figure 4.4 the run-time for the strategies do not
differ significantly. GMM is slightly better with 2 and 4 partitions but is afterwards
equal, or slightly worse, than kmeans with 8 and 12 partitions. Looking at the
results from the partitioning in Figure 4.3 and 4.4, kmeans seems to perform better
than GMM with 8 and 12 partitions, but it is not possible to see the same trend
for 2 and 4 partitions. The fact that GMM cluster edges from different parts of the
map together may impact the run-time negatively, which might be why kmeans
performs slightly better in all experiments for 8 and 12 partitions. For 2 and 4
partitions, the results are more inconsistent. The observation that the run-time for
2 partitions differs by approximately 40 seconds between Jönköping and Uppsala
and by approximately 5 - 10 seconds between Uppsala and Malmö for kmeans and
GMM, while the difference in edges is 4 000 and 17 000 respectively, may be due
to that the clustering performs better for larger cities. It could also be due to the
characteristics of the graphs of the different regions.

It would be interesting to investigate how the methods handle a larger number
of partitions to see if they differ from each other or not. There is an indication
that EdgePartition2D starts to differentiate from kmeans and GMM after 4
partitions, but more experiments with a larger number of partitions are needed to
draw any conclusions. Further, other clustering methods may also be tried, as well
as other methods to partition road networks. It would, for example, be interesting to
see if geohashing would perform better than clustering. Then it could be possible to
have equally sized partitions, in contrast to the clustering methods. This drawback
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with the clustering methods results in an unequal workload between the worker
nodes, making it difficult to optimize resource allocation. Unequal partition sizes
are likely an important factor in why the results for the clustering methods at 2
and 4 partitions vary. As seen in Figure 4.6, the partitioning sizes vary significantly,
between partitions and between methods. This may also be an explanation for why
EdgePartition2D is not performing significantly worse. Since it is able to create
equally sized partitions, the resource allocation is possibly more efficient than with
the clustering methods, which may compensate for the increased number of cross-
partition communications. Since no other parameters than the sizes of the partitions
differ between the EdgePartition2D and the clustering methods, it is likely that
this is the reason for only a slight increase in run-time.

5.1.3.2 Network size

For the network with 5 000 edges, the run-time increases with the number of par-
titions. With 40 000 edges, the best number of partitions is 4 and there is only a
slight increase in run-time as the number of partitions increases. With an increase
of edges to 100 000, the best number of partitions is still 4, but there is a much
larger proportional increase in run-time as the number of partitions increases. As
the network increases in size, the importance of partition optimization increases
since the difference becomes more apparent. In contrast, as the network decreases
in size, the benefits of parallel computing do not outweigh the drawbacks, in terms
of cross-partition communications. These results indicate that the optimal number
of partitions is dependent on the network size and as the network increases in size,
the difference in run-time between the number of partitions becomes greater.

5.1.3.3 Latency

The run-time increased similarly for all levels of latency as the number of partitions
increased. The total computing time increased with approximately 100 seconds
when 5 milliseconds of latency was added, both from 0 ms to 5 ms and from 5
ms to 10 ms. This suggests that run-time is linearly dependent on the latency
added, which remains the same as the number of partitions increases. An increase
in partitions creates additional cross-partition communications. With added latency,
we expected to see an increased gap between the different series of measurements
as the number of partitions increased, but only a small difference appeared. The
benefits of distributing computations may be the reason why the increased latency
results in a linear increase in run-time as the number of partitions increases.

Even though we specify the latency, the cross-partition communication time fluctu-
ates, where the difference can reach up to 20% of the specified value. The latency is
never less than the specified value. Each experiment was repeated and averaged to
reduce this stochastic influence. However, this fluctuating latency is likely to exist
in a computer cluster with multiple machines as well.
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5.1.4 Shortest path algorithm
Our Pregel implementation is based on the GraphX Pregel API, which made it pos-
sible to distribute the computations and kept the key function easily implementable.

Using Pregel with an oracle based on a distributed version of Dijkstra’s algorithm
had limitations, where implementing a condition for ending the search for the target
vertex early was not possible. This means that the least energy-consuming path from
the source vertex to every other vertex is computed, where an implementation of
such a condition may therefore reduce the run-time significantly. The most common
way this is implemented in a sequential Dijkstra’s algorithm is through exploration
of neighbours of the vertex with the current shortest path from the source vertex.
This is then continued until the target vertex is reached and the shortest path has
therefore been found, assuming there are no negative edge weights. However, this
is not easily achievable in a distributed setting, since a lot of information would
have to be transferred to the partitions at each step, and as the cross-partition
communication cost increases this becomes less efficient.

Pregel has been proven efficient for shortest path problems [9] on networks signifi-
cantly larger than the ones we use in this project, which justifies the choice of Pregel.
The version of Dijkstra’s algorithm we use handles more information than the tasks
Pregel usually is used for. There are variations of Pregel and other frameworks that
enable the distribution of shortest path algorithms [7], which could be investigated
in the future.

To be able to run and evaluate the framework, more computations are needed than if
this model would have been implemented in a real world scenario. This framework
creates underlying reward distributions and simulates observations, which other-
wise would be received directly from the environment while traversing an edge in
a real-world scenario. To calculate regret, the expected energy consumption and
the path with the least expected energy consumption according to the underlying
reward distributions has to be calculated, for which we utilize two simultaneous
Pregel shortest path algorithms. All the functions that surround the simulations
and generate comparable metrics increase the run-time, which together with the
limitations in hardware means that the run-times presented most likely are higher
than they would be in a real-world implementation, if you disregard the real-world
communication latency.

5.2 Conclusions
In this project, we created a distributed framework to find the most energy-efficient
path in a road network with stochastic weights, using multi-armed bandit methods.
An experimental study was conducted where run-time was investigated in relation
to varying number of partitions, partition strategy, latency and network size.

The results show that the framework consistently finds the path with the least ex-
pected energy consumption using both Thompson Sampling and Upper Confi-
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dence Bound as bandit strategy and is able to do so for different levels of variance.
We show that the optimal number of partitions, from a time-efficiency perspective,
is dependent on the network size. Dividing the network into partitions according to
systematic clustering methods performed better than GraphX’s partition strategies,
and in our experiments, kmeans performed best. It is, however, from these results
not possible to establish an optimal partitioning strategy. Further, having unequal
partition sizes seems to have significantly larger impact on the run-time than ex-
pected. Increased cross-partition communication time did not have any significant
effect on the optimal number of partitions, within the range evaluated.

The project scope was limited by the resources and time available, and available
memory was found to be crucial. When larger networks and a larger number of
partitions were tested, we ran out of memory. To be able to run larger networks, this
is an important factor to take into account when designing the testing environment.

5.3 Future work
To establish a partitioning strategy that efficiently partitions a road network, more
experiments are needed where different geographical locations and methods to parti-
tion are tested. In this project, the sizes of the partitions in the clustering methods
vary. With geohashing, the partitions could be more evenly sized and based on ge-
ographical location, by redefining the vertex IDs. This could balance the workload
between the worker nodes. If the IDs were dependent on coordinates, it would be in-
teresting to run GraphX’s EdgePartition1D and EdgePartition2D strategies
and compare them to the cluster methods.

The results show that using 4 partitions or more increases the run-time for all
strategies and network sizes. At the same time, the computational resources did
not allow networks larger than 100 000 edges. With more resources, larger networks
with more partitions could be tried out which may show bigger differences between
different partitioning strategies and numbers of partitions. To find an efficient model,
more experiments where different combinations of parameters are tested would be
needed.

In this project, a distributed file system was not implemented. It would be inter-
esting to implement to see if the run-time may be reduced by continuously caching
RDDs, hence reducing the number of jobs performed each iteration.

Since the run-time is heavily dependent on the resources and how they are allocated,
analyzing this aspect could give us further insights into the correlation between com-
putational resources and run-time, and how the resource allocation can be optimized.
Spark offers a monitoring tool called Spark UI, which presents information about
running jobs and breaks down how the job run-time is allocated, e.g. computing
time, shuffle write time, etc. Further analysis of this information could be useful for
finding bottlenecks in the framework.
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A
Experimental setup

Experimental setup for all runs, with varying network partitioning strategy, network
size and latency for different number of partitions. The number of partitions is equal
to the number of workers.

When testing partitioning strategies the settings were:

• Testing: Partitioning strategies

– EdgePartition2D, kmeans clustering, GMM clustering

• Network size: 40 000

• Latency: 5 ms

• Workers (with per-worker memory): 2 (8 GB), 4 (4 GB), 8 (2 GB), 12
(1.3 GB)

When testing network sizes the settings were:

• Testing: Network sizes

– 5 000, 40 000, 100 000

• Partitioning strategy: kmeans clustering

• Latency: 5 ms

• Workers (with per-worker memory): 2 (8 GB), 4 (4 GB), 8 (2 GB), 12
(1.3 GB)

When testing latency the settings were:

• Testing: Latency

– 0 ms, 5 ms, 10 ms

• Partitioning strategy: kmeans clustering

• Network size: 40 000

• Workers (with per-worker memory): 2 (8 GB), 4 (4 GB), 8 (2 GB), 12
(1.3 GB)
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