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Abstract

The versatility of the internet enables many applications that play an increasingly bigger role
in our society. However, users have little control over the route that their internet traffic takes,
which prevents them from controlling who sees their packets and how their traffic is handled.
Researchers have proposed an extension to the internet, called the responsible internet, that
aims to provide users with control over the route that their internet traffic takes.

Providing this control is the aim of this thesis. Users can control their route by specifying
requirements that their route has to fulfill. This thesis defines the Maximum Path Requirement
Intersection (MPRI) problem as the problem of finding the route that satisfies as many of the
user’s requirements as possible, and this thesis proves that MPRI is NP-hard. Subsequently,
both a heuristic to solve the problem in a reasonable amount of time as well as an exact
algorithm that guarantees to find the globally best path are introduced.

The performance of the heuristic is measured relative to the globally optimal solution given
by the exact algorithm. Results show that less features allow the heuristic to have a larger
search space, which improves the results; that the runtime of the heuristic scales polynomially
in the number of hops between the start and end node; that the heuristic is most effective in
graphs that have a power-law degree distribution and least effective in grid-like graphs; and
that in a realistic setting the heuristic runs quickly while performing close to optimal.



“Show me your ways, Lord, teach me your paths.” — Psalm 25:4
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Chapter 1

Introduction

The whole world is interconnected via the Internet. This connectivity enables many applica-
tions, and the roles that these applications play in our society continuously grow in importance
[30, 43]. Meanwhile, users have little control over and insight into how the Internet is oper-
ated. There are efforts to improve transparency and provide insights into various aspects of the
Internet! [24, 45, 64, 82], but more can be done to improve control.

1.1 Motivation

One area where this lack of control is prevalent, is control over the path that traffic takes
through the Internet. Internet traffic that passes through routers located in a certain country
may be processed according to the laws of that country, allowing governments to keep track of
the information that is flowing through their country. This permit results in the collection and
analysis of Internet traffic that passes through, for example, the US? and collection and analysis
of Internet traffic that passes through Russia [28]. If a citizen of the European Union does not
like that the US and Russia (and other countries) collect and inspect Internet traffic that passes
their borders, and if this citizen wants to ensure that their Internet traffic remains within the
European Union to ensure that it remains under the General Data Protection Regulation, they
currently have no way to do so.

Thus, users may want to have control over the countries through which their Internet is
routed. However, control over the geographical areas that Internet traffic goes through is only
one part. Some Internet Service Providers (ISPs) are more careful with their customer data
than others?. If customers want their Internet paths to include only include ISPs that did not
have a data breach in, say, the last 10 years, then customers currently have no way request that.
Further, some ISPs gather more information than is strictly needed to provide their Internet
services [17]. If users want to ensure that their path avoids these ISPs, they need a way to gain
control over their Internet paths.

In contrast, if users did have control over the path of their Internet traffic, users could,
among other things, control what geographical areas are avoided by their traffic, place demands
on the security practices of the companies that handle their traffic, and decide how privacy-
friendly they want the ISPs in their Internet path to be. In addition, companies would be
able to specify security demands for their Internet traffic, allowing them to, for example, rest
assured that traces of their communications with other companies are not intercepted or leaked.
Giving control over Internet paths benefits ISPs as well, as ISPs could distinguish themselves
by supporting features that users demand, which leads to more traffic due to people sending
their Internet traffic via these innovative ISPs. All of the above is only possible if users can
decide which path their Internet traffic takes. This requirement makes control over the path of
Internet traffic a relevant problem to address.

Systems that allow users to define their own internet path already exist [19, 49, 72, 76, 81, 84].
However, these systems make two assumptions. First, they assume that the user has all the
information about the network that is needed to determine which path they want. Second, they
assume the user has sufficient knowledge about how the internet works to make an informed
decision about what the best path is, since the work of actually choosing the best path is
pushed to the user. The first assumption excludes users that do not have the required network

IFor efforts that improve transparency, see https://isbgpsafeyet.com, https://Internet.nl, https://ww
w.peeringdb.com, https://www.waveform.com/tools/bufferbloat, https://www.email-security-scans.org/,
and https://cands.cc.gatech.edu/blog/what-does-it-take-fcc-challenge/.

?https://wuw.propublica.org/article/nsa-data-collection-faq

3Some ISPs have had data breaches, as described in the following news articles: https://www.bitdefende
r.co.uk/blog/hotforsecurity/data-breach-canadas-fitness-depot-blames-isp-for-security-incident/,
https://www.zdnet.com/article/data-breach-at-russian-isp-impacts-8-7-million-customers/,
https://www.theverge.com/2023/9/20/23881825/t-mobile-account-security-breach-customer-informati
on-leak, and https://www.zdnet.com/article/pocket-inet-isp-exposed-73gb-of-data-including-secre
t-keys-plain-text-passwords/.
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information to choose a path, and the second assumption excludes less technical users that
do not understand the internet well enough to make an informed choice. Instead, this thesis
assumes the user has no network information, and this thesis places no requirements on the level
of knowledge of the user about the internet. The user only needs to provide the requirements
for their path, and our system takes care of the rest. These assumptions make the system
in this thesis more approachable and usable, and provides more users with control over their
internet path.

1.2 Responsible Internet

The goals of this thesis align with the goals of the responsible Internet [39]. The responsible
Internet is a proposed secure-by-design extension of the Internet that aims to improve transpar-
ency, control, and accountability in the Internet. The vision for the responsible Internet consists
of three components: the Network Information Plane (NIP), the Network Control Plane (NCP),
and policies to govern the way we interact with the Internet. The NIP provides information
about the network to users, which increases transparency. The NCP provides users with control
over how their data is handled, which increases control. Finally, the responsible Internet allows
users to verify that the information they receive about the network is accurate, which increases
accountability.

One aspect of the responsible Internet is to design and evaluate a method to program NCP
requests into the underlying open infrastructure. The work of this thesis aligns with that part,
and the work of this thesis can be used to improve control. While this thesis does not contribute
to the NIP, the NIP does play an important role in this thesis because the NIP can provide
information about what features are supported by each ISP, which allows users to control which
of these ISPs to avoid or include in their path.

1.3 Overview

The goal of this thesis is calculating a path through the Internet on the level of Autonomous
Systems (ASs) that best fits the preferences of the user that requests the path. ASs are groups
of routers that are managed by one party, which can be an ISP, an Internet Exchange Point
(IXP), or a large organization.

These user requirements correspond to features that can be supported or not supported by
ASes. By including a certain requirement in the list of requirements, a user indicates that they
wish that all ASs on the path via which their Internet traffic travels support the feature that
corresponds to that requirement. This requirement can relate to a security feature (e.g., each
AS on my path should support Resource Public Key Infrastructure (RPKI)), a privacy feature
(e.g., each AS on my path should notify customers of data breaches), a geolocation-based feature
(e.g., each AS on my path should be located within the European Union), or anything else.
To give an idea of the type of features that a user might request to be fulfilled by their path,
Appendix B contains a potential list of features that the user might want to request.

The big picture idea is to use the information from the NIP to gain insight into what features
each AS supports, and make the list of available features transparent to the user. The user can
then select the features they deem important, and provide the path request to the algorithm
proposed in this thesis. Our algorithm then attempts to find a path that fulfills the given
requirements, and returns it to the user if successful. The user can then use that path to route
their traffic according to their wishes.

Requirements can be placed in two categories: strict and best effort. Strict requirements are
requirements that are non-negotiable. If an AS does not support any of the strict requirements,
it should under no circumstance be part of the resulting network path. For the requirements in
the best effort category, our system tries to find a path that satisfies as many requirements as
possible, but it does not guarantee that the selected path satisfies any best effort requirement.



1.4 Problem and Solution

The sub-problem of finding the path that satisfies as many best effort requirements as possible is
defined by us, and we call it the the Maximum Path Requirement Intersection (MPRI) problem.
The MPRI problem originates from the context of AS-level Internet routing, but MPRI is more
widely applicable. For example, when one wants to find a car highway route that avoids toll
roads, always has nature next to the road, and always uses silent asphalt, one can encode these
elements as features of the road segments, encode the wishes for the roads as requirements,
and find the route for which all nodes satisfy as many requirements as possible. The same can
be done to find, for example, routes through a city that avoid bad neighbourhoods and use
walkable areas, or to find paths for robots that always keep the robots’ solar panels exposed
to the sun. Thus, solving MPRI provides a building block towards solving multiple relevant
problems, on top of enabling control over Internet paths.

After introducing the MPRI problem, we prove that MPRI is NP-hard. This NP-hardness
creates the need for a heuristic algorithm that provides relatively good answers in little time.
We introduce such a heuristic algorithm in Chapter 4. The main mechanic that allows the
heuristic to return reasonably good answers in little time is a highly configurable set of limits
that controls the search space. We prove that the heuristic always finds the best possible path
out of all paths within the limits given to the heuristic, where the best path is the path that
satisfies the maximum amount of best effort requirements.

The main idea of the heuristic is to initially find the shortest path from source to destination
for which all nodes comply with the strict requirements, and then to identify “bottlenecks”
in the path. In the context of this thesis, bottlenecks are nodes that reduce the number of
requirements that are fulfilled by all nodes in the path, because the bottleneck node fulfills less
or other requirements than the other nodes in the path. For these bottlenecks, the heuristic
calculates detours around the bottleneck, and updates the path with a detour if replacing the
bottleneck with the detour results in a path for which all nodes satisfy a larger shared set of
features than the path with the bottleneck. The strength of the heuristic is in its configurability.
The heuristic is built around being configurable in the size of its search space, which allows users
to customize it for the type of graph and the time they are willing to wait. This configurability
allows for a trade-off between speed and accuracy; if the user is willing to wait, the heuristic is
able to produce results that are closer to the globally optimal result, while a less patient user
may choose to be satisfied with results of lower quality and a faster runtime.

The performance of the heuristic is primarily measured in the number of best effort require-
ments it is able to fulfill for a given path request, which we refer to as the score of a path. The
score of the path found by the heuristic is compared to the score of the globally best solution.
To find this globally best solution, a global Breadth-First Search (BFS) algorithm is introduced.
Next to that, we prove that the globalBFS algorithm is guaranteed to always return the globally
best path.

1.5 Evaluation
The main goal of the evaluation is to answer the following questions.

1. What is the influence of the number of features and requirements on the performance of
the heuristic?

2. What is the influence of the ratio between minimum and maximum number of features
supported by each AS on the performance of the heuristic?

3. How well does the heuristic scale?
4. On what type of graph topology is the heuristic most effective?

5. How well does the heuristic perform in a realistic scenario?

These questions are evaluated by five experiments, each of which answers one of the questions.
Our results inform five main findings. First, less features and requirements increase the speed
of the heuristic. Second, the ratio between minimum and maximum features has little influence



on the performance of the heuristic. Third, the runtime of the heuristic scales polynomially
in the length of the shortest path, which indicates that the heuristic is most effective in graph
types where the average shortest path does not grow with the graph size. Four, the heuristic
is most effective on graphs that have a power-law degree distribution and least effective on
grid-like graphs, Five, in a realistic setting (which is a full size graph of the Internet and 25
requirements per request) the heuristic fulfills on average 98% of the best effort requirements
of the globally optimal solution in less than 40 ms per request.

1.6 Main Contributions

The main contributions of this thesis are:

1. The introduction of the MPRI problem and its application in the domain of AS-level
Internet routing.

2. The proof that the MPRI problem is NP-hard.

3. A heuristic algorithm for the MPRI problem that, on average, satisfies 98% of the best
effort requirements of the globally optimal solution in less than 40 ms per request.

1.7 Structure

The rest of the thesis is structured as follows. Chapter 2 covers the relevant background know-
ledge. Chapter 3 defines the problem and proves its NP-hardness. Chapter 4 details the design
of the heuristic algorithm and the global BF'S algorithm, their related proofs, implementation
details, and their deployment in the internet. Chapter 5 contains the experimental setup, the
results, and the discussion of the results. Chapter 6 discusses how ISPs can be incentivized
to provide accurate information to the NIP. Chapter 7 goes into the related work, and finally,
Chapter 8 draws conclusions and points to potential directions for future work.



Chapter 2

Background

This chapter presents the relevant background knowledge. First, it discusses pathfinding, which
is the theory of finding a path from source to destination through a network (Section 2.1).
After that, the chapter explains Internet routing, which applies pathfinding to the context of
the Internet (Section 2.2).

2.1 Path Finding

When determining the path from a source to a destination through a network, it is helpful to
model the network as a graph, consisting of nodes and links connecting nodes to each other. See
[29] for definitions of graphs, nodes and links. Note that nodes can also be called vertices, and
links can also be called edges. Finding a path through a network essentially consists of starting
at some source node and using the links to explore adjacent nodes until the destination is
reached. Path finding techniques differ in the order in which these adjacent nodes are explored.

An algorithm to find paths in a network is Breadth-First Search (BFS). This technique is
used in both the heuristic algorithm (the fast algorithm) and in the globalBFS algorithm (the
algorithm that finds the globally optimal solution). BFS starts with the source node, explores
all first-level neighbours (all nodes that can be reached from the source node using one link)
and checks whether any of the newly explored nodes is the destination node. If not, BFS
explores all second-level neighbours and checks whether any of these nodes is the destination.
This exploration continues with the third level neighbours, fourth level neighbours, etcetera,
until the destination is found. Nilsson showed that BFS always finds a path from source to
destination with the minimum number of links [61], which makes it a suitable algorithm if the
goal is to find the path with the minimum number of links. Other algorithms are better suited
if the links have weights and one wants to find the path with the minimum weight, but these
algorithms are not used in this thesis.

2.2 Internet Routing

When two systems want to communicate via the Internet, their data needs to be transmitted
from the source to the destination®. Internet routing is the process of determining the route
via which this communication happens. The devices that handle these packets are referred to
as routers [4], and the Internet consists of a large network of interconnected routers. Packets
flow from router to router until they reach their destination.

The transport of packets starts by one computer that outputs its packets on a certain port,
which connects the computer to a router. The router that receives the packet then looks at the
destination address of the packet, determines to which port it should forward the packet for it
to reach the destination, and outputs the packet on that port. The packet is received by the
next router and forwarded again. This forwarding process continues until the packet arrives at
its destination.

2.2.1 Autonomous Systems

With 29.3 billion networked devices in 2023 [73], calculating routes from any device to any other
device is challenging. To make this problem more tractable, the Internet is split up into large
groups of routers called Autonomous Systems (ASs) [75]. These ASs can be Internet Service
Providers (ISPs), Internet Exchange Points (IXPs), or large organizations.

Internet routing is divided into two levels: routing within one AS, and routing from one AS
to another. If a computer in one AS wants to reach a computer in another AS, its packet goes

Hnternet traffic is not restricted to one source and one destination. Data can also be sent from one source
to multiple destinations, like in Multicast [51].



through multiple levels. First, the computer sends its packets to the edge of the source AS.
Then, the packet is routed from the edge of the source AS to the edge of the destination AS
via routing on the level of ASs. Finally, the packet is routed from the edge of the destination
AS to the destination computer?.

2.2.2 Border Gateway Protocol

Currently, the Internet uses Border Gateway Protocol (BGP) for routing between ASes. BGP
enables ASs to reach each other by defining how reachability information is exchanged between
ASs [69]. Specifically, BGP facilitates the exchange of information about the route via which
an AS can reach its neighbours. Each AS combines this information in a large routing table.
This table is propagated through the network, such that all ASs know how to reach the other
ASs. When data needs to be sent to another AS, one of the available paths is selected and used.

Path selection happens based on policies. Some example policies are shortest path, earliest
received path, or personal preference of the network operator [13]. BGP works for routing within
one AS (Internal Border Gateway Protocol (iBGP)) as well as routing between multiple ASs
(External Border Gateway Protocol (eBGP)). This flexibility makes BGP a versatile protocol.

2.2.3 Source Routing

In traditional Internet routing, the packets are at the mercy of the routing policy in terms of
the route that the packet takes through the network. If one wants to explicitly define what
route a packet should take, then that person is out of luck; the traditional routing approach
does not provide a mechanism to do so.

A mechanism that does allow one to specify the path a packet should take is Source Routing
(SoR) [65]. In SoR, packets carry a list of locations via which they should be routed, in addition
to their destination address. Routers that support SoR heed this information, and thus the
packets follows the route as defined by the sender.

2.2.4 Segment Routing

Segment Routing (SeR) is a mechanism that enables network packets to carry a list of instruc-
tions, called segments, which are executed by the routers that process the packets [32]. Segment
routing is similar to source routing, as the segments can consist of the specific path along which
the packet should travel towards the destination. However, segments are more versatile. A
segment can also contain instructions that specify by which virtual machine that packet should
be processed or which Quality of Service (QoS) treatment it should receive.

A segment can be encoded as a Multiprotocol Label Switching (MPLS) label. MPLS is
a technique that enables routing by label, instead of by destination address, which enables
overriding the default routing protocol [77]. This routing by label is possible because the labels
are processed before the destination address. Because of this implementation, SeR can be used
by all routers that support MPLS. On top of that, SeR can be used with IPv6 as well, which
makes it even more versatile.

2The work in this thesis focuses on routing between multiple ASs.



Chapter 3

Problem

This chapter describes the problem statement for this thesis. The chapter starts by explaining
concepts and definitions used in the problem statement. Then the chapter describes the problem
and its complexity, including the proof that the problem is NP-hard.

3.1 Concepts and Definitions

Loosely worded, the problem consists of finding a path through a network that adheres to the
user’s requirements. In the context of this thesis, the nodes of the network are Autonomous
Systems (ASs), the links that connect the nodes are Internet links between ASs, and the AS-
level path that we are searching for consists of a sequence of ASs connecting the source AS to
the destination AS. However, the nodes of the network can also represent other entities than
ASes, and the network links can represent something else than Internet links.

Requirements are features that nodes on a path can support. These features can be security
features, privacy features, or any other feature that the user deems important. If all nodes in a
path support a set of features that the user requires, we say that this path satisfies these user
requirements. Requirements are split up into strict requirements and best effort requirements.

Strict requirements are requirements that should always be satisfied by all nodes in the
path. Best effort requirements are requirements that do not need to be satisfied. If a path
satisfies all strict requirements and satisfies no best effort requirements, the path can still be
returned to the user. However, the goal is to find a path that satisfies all strict requirements
and as many best effort requirements as possible. In other words: If there are two paths that
both satisfy the strict requirements, but the first path satisfies more best effort requirements
than the second path, the first path should be returned to the user.

For this thesis, the requirements given by the user are restricted to binary requirements,
where a requirement can either be completely fulfilled or not fulfilled at all. Thus, requirements
cannot be partially fulfilled. This restriction has little influence on the applicability, as non-
binary requirements can be modeled as binary requirements: If a user wants all ASes on their
Internet path to support feature X for at least 60 %, this requirement can be modeled as a binary
requirement, where all ASes that do not support feature X for at least 60 % are ignored when
calculating paths. Thus, for this thesis, the models assume purely binary requirements, but
with some small adjustments, this system can be extended to support non-binary requirements
as well.

3.2 Problem

The problem that this thesis aims to solve is the following.

Problem 1 Given a network, a source node vs, a destination node vy, information about what
features are supported by which node, and user requirements consisting of a list of strict require-
ments and a list of best effort requirements, find a path from source to destination for which
all nodes on the path support all strict requirements and the path satisfies as many best effort
requirements as possible.

3.3 Complexity

The best effort part of this problem is NP-hard. To clearly separate this best effort sub-problem
from the main problem, it is renamed to the Maximum Path Requirement Intersection (MPRI)
problem, defined as follows.

Problem 2 Given a graph G = (V, E) and a finite set of features F' = {f1,..., fq}, where each
vertex v; € V contains a subset F; C F, and given a set of best effort requirements R C F,



a start vertex vs € V and an end vertex vy € V, find a path P = (vg,...,vs) such that the
intersection of the feature subsets contained in the vertices of the path intersected with the set
of best effort requirements R is mazximal in size. Thus, the goal is to find a path such that
| (Fsn---NF)NR| is of mazimum size.

MPRI is NP-hard. The proof for this statement defines a polynomial-time Turing reduction
from the NP-hard Maximum k-Subset Intersection (MSI) problem [80] to the MPRI problem.
The MSI problem is defined as follows.

Problem 3 Given a collection C = {S1,...,Sm} of m subsets over a finite set of elements
Q={q,...,qn}, and a positive integer k, the objective is to select exactly k subsets Sq, ..., Sy
whose intersection size |Sq N+ N S| is mazimum.

Theorem 1 MPRI is NP-hard.

Proof. The Turing reduction from the MSI problem to the MPRI problem works as follows.
Given an instance (C,Q, k) of MSI, construct an instance for MPRI by creating one node v,
one node v;, and create for each subset S; € C' one node v;. Then set F' = R = @, assign to
node v, the subset Fy, = @, and to node v; the subset F; = Q). Assign to each node v; the subset
F;, = S;. For edges, connect vs to each node v; (for all nodes v; that correspond to the subsets
S; € C), connect each node v; to each other node v; such that the nodes v; corresponding to
the subsets S; € C form a clique, and finally connect each node v; to node vy.

Considering the construction above, we claim that for any collection of k subsets S, ..., S
whose intersection size |S, N -+ N S| is maximum, there exists a set (Fs N--- N Fy) in the
corresponding instance of MPRI that maximizes | (FsN---NF) NR |. Let Py = (F1,. .., Fp)
be the path that maximizes the intersection of the subsets Fi,...,F,. Since R = F, the
optimization objective | (Fs N---N Fy) N R | can be reduced to | (Fs N ---N F;) |. Next, each
of the subsets S, ..., S, corresponds to a node in the graph. Since all nodes corresponding
to these subsets are connected, any subset of these nodes can form a path. Since vs; and v,
are connected to all nodes corresponding to the subsets S,, ..., S;, the path through the nodes
corresponding to Sy, ..., S, can on one end connect to vy and on the other end connect to v,
making it a path that connects vs to v¢. Finally, since the subsets S, ..., S, are the subsets
that result in an intersection of maximum size, the subsets that are assigned to the nodes of
the path are also the subsets that result in an intersection of maximum size. Thus, for any
collection of k subsets S, ..., .S, whose intersection size |\S,N---N S, | is maximum, there exists
aset (FsN---NF) in the corresponding instance of MPRI that maximizes | (FsN---NEF)NR |.

On the other hand, we claim that for any path P = (vs,...,v;) that maximizes | (FsN---N
Fy) N R |, there is a selection of k subsets S, ..., S, whose intersection size |S, N--- N S,| is
maximum. If we remove vgs and v; from P, then the feature subsets of the vertices in the path
result in an intersection of maximum size, which also corresponds to the subsets S; € C that
have an intersection of maximum size.

Suppose there is a polynomial algorithm A(G = (V, E), F, R, vs,v;)) that solves MPRI and
returns P = (vs,...,v;), where each v; € P contains the set of features F; € F' corresponding
to the vertex in the graph. Then Algorithm 1 solves the MSI problem.

Algorithm 1 Solver for the MSI problem.

Input: C, Q, k

Output: (S,,...,5:)

: > Given C, Q, and k, construct the graph and vertices for the MPRI problem.
Let (G = (V, E),vs,v) < construct(C, Q, k)

Let P = (vs,...,v) < A(G=V,E),Q,Q,vs,vt)

Let P’ = P\ {vs,v:}

return P’

By the proof given by Xavier [80], MSI is NP-hard. We have shown that solving MPRI enables
us to solve MSI. This means that MPRI is NP-hard. O



Chapter 4

Solution

This chapter presents a solution to the Maximum Path Requirement Intersection (MPRI) prob-
lem. The chapter first provides a general overview of the problem in Section 4.1, highlights the
main idea behind the heuristic in Section 4.2, and then describes the workings of the heuristic
in detail in Section 4.3. After that, Section 4.4 gives the proof of completeness within bounds
for the heuristic algorithm, and Section 4.5 introduces the global BFS algorithm and proves its
completeness. Section 4.6 explains how the algorithms are implemented. Finally, Section 4.7
discusses to what extent the given solution can be deployed in the current Internet.

4.1 General Overview

When a user wants to find a network path that satisfies their requirements, they can provide
their path request via a browser extension or application'. A path request contains the source
node, the destination node, the list of strict requirements, and the list of best effort requirements.
Besides the path request, our system takes a model of the network where each node contains
the list of features that is supported by that node?. Using that information, our system can get
to work on finding a path. Once a path is found, this path is returned to the user, and the user
can then use that path to route their Internet traffic. The main idea behind efficiently finding
paths that satisfy as many user requirements as possible is introduced in the next section.

4.2 Main Idea: Avoid Bottlenecks

Our system attempts to find a good path for the user, that is, one that satisfies as many best-
effort requirements as possible. To compare multiple paths and return the best one, paths are
evaluated by their score, which is defined as the total number of best effort requirements that
are supported by all nodes in the path. If we denote the set of best effort requirements that
the user has provided in their path request as B and the features supported by node v; as Fj,
then the score S of a path P = [vy,va,...,v,] is calculated as S = [BNFy N Fya N -+ N Fyl,
where | X| denotes the cardinality of set X. Thus, this score depends on the overlap between
the user’s best effort requirements and the features supported by all nodes in the graph.

Now, for an example, assume that we have the graph given by the nodes and edges in Figure
4.1, where the numbers in each node signify the features that are supported by that node.
Further, let B = {1, 2,3} be the set of best effort requirements given by the user. The selected
path is marked with the bold lines. This path is naively chosen because it is the shortest path.
In this situation, the bottleneck node in the middle decreases the score from a potential of 3
to 1, since the intersection of B and the features supported by the nodes in the path results in
the set {1}, whereas the score could have been 3 if the longer path via the two nodes above the
bottleneck was chosen instead. This reduction in score makes node B a bottleneck.

1Building the interface is outside the scope of this thesis, but a simple Graphical User Interface (GUI) where
the user is guided through the different options would suffice. The GUI can also come pre-loaded with presets
that users can select, like “Keep network traffic within the EU” or “Use the requirements from Mutually Agreed
Norms for Routing Security (MANRS)”.

2That model of the network can be provided by the Network Information Plane (NIP), or it comes from
another source. This thesis assumes this information is readily available.
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Figure 4.1: Ezxample graph where the numbers in the nodes indicate the features that are
supported by that node. The shortest path uses the bottleneck node which decreases the total
score of the path from a potential of 3 to 1. If the path can be adjusted to take a detour around
this node via other nodes that do support all three features, the score for the whole path increases
by two.

The main idea of the heuristic algorithm is to find nodes that create a bottleneck, and
calculate detours around these bottlenecks. The heuristic starts this process by first calculating
the shortest path that satisfies the strict requirements, and then the heuristic improves the path
by calculating detours around bottlenecks in that shortest path, after which the bottlenecks are
replaced by the best available detour if that detour improves the overall score.

The strength of the heuristic algorithm lies in its configurability. The algorithm is configurable
in two ways. First, the depth of the search for detours can be limited with the depthLimit,
which controls how many hops the detours are allowed to take away from the original path.
Second, the number of neighbours that are considered for a detour on each level can be limited
using the neighbourLimit. Using these limits, the heuristic creates its own smaller search space
around the shortest path. The size of this search space does not scale with the total size of the
graph. This decoupling allows the heuristic to find solutions much faster than an approach that
covers the whole graph. The idea is that we search until the limits are reached, and return the
best solution that we found, similar to [52].

The downside of limiting the search space by using the depthLimit and neighbourLimit is
that part of the graph is excluded from the search by the heuristic. This exclusion of part of the
graph prevents the heuristic from always finding the globally best solution, since these globally
best solutions might utilize one or more of the nodes that fall outside the local search area that
the heuristic searches in.

4.3 Detailed Description

This section details how a path is found by describing how the heuristic algorithm works step
by step. The pseudocode of the heuristic algorithm is detailed in Algorithm 2 in Appendix A3.

The heuristic starts by checking whether start and end nodes comply with the strict require-
ments. If not, no valid path can ever be found, and the search is stopped. If the start and end
nodes comply, the shortest path from the user’s start node to the user’s end node is calculated.
This path calculation is done via bidirectional Breadth-First Search (BFS) by the bidirection-
alBFSWithFilter method (Algorithm 5). If this path exists, the algorithm verifies that the user
selected at least one best effort requirement. If the user selected no best effort requirements at
all, there is no optimization to be done and the shortest path is returned as the path.

Assuming there are best effort requirements, the algorithm generates all possible start and end
nodes for detours. The generation of detour start and end nodes is done for each detourDistance.
The detourDistance is the number of hops between the start and the end of the path segment
that is being replaced by a detour. Thus, if one node is denoted as bottleneck, the detour skips
a path segment of two hops, resulting in a detourDistance of two. Similarly, a detour that skips
two nodes skips a path segment of three hops resulting in a detourDistance of three, etcetera?.
This relationship between bottleneck and detourDistance is visualized in Figure 4.2.

Using this detourDistance, the nodes where the detours begin and end, which we refer to as
detourStart and detourEnd, are selected by enumerating all pairs of (detourStart, detourEnd)

3All other pseudocode is placed in Appendix A as well.
4We cannot skip the start and end nodes of the original path, thus the detourDistance can become |path| —1
at most.
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Figure 4.2: Visualization of all possible detourDistance values for a 5-node path and their
corresponding detours. White nodes indicate the original path, solid green nodes indicate the
start and end of a detour, and nodes with the diagonal red squares pattern as background indicate
the bottleneck nodes that are skipped by the detour. A path of 5 nodes allows for detourDistance
values of 2, 3, and 4, resulting in a total of 6 (detourStart, detourEnd) pairs.

nodes with that detourDistance. These detourStart and detourEnd nodes are selected only
from the nodes of the original shortest path. If a node is selected as detourStart or detourEnd,
but that node is not in the original shortest path, that pair of detourStart and detourEnd nodes
is skipped for detour calculation. From the detourStart and detourEnd nodes the detours are
calculated by the findDetours() subroutine (Algorithm 3). The selection of the start and end
locations of the detours is visualized in Figure 4.2.

The findDetours() subroutine calculates the detours for a given start and end location. Calcu-
lating detours with detourDistance set to 1 is done by finding out which nodes are a neighbour
of both detourStart and detourEnd and adjusting the path to go via this shared neighbour to
bypass the bottleneck. If longer detours are desired, neighbours of detourStart and detourEnd
can also be queried for shared neighbours, which allows us to move from the detourStart and
detourEnd to one of their neighbours, and then connect the path via a shared neighbour of
the neighbours. Even longer detours can be constructed by consulting the neighbours of the
neighbours of the neighbours, etcetera. This path extension can go on for as many levels as
desired. See Figure 4.3 for an illustration of the shared neighbours and the multiple levels of
detours.

Next to detours of odd length, detours of even length are detected. If we denote a neighbour of
the detourStart as startNeighbour and a neighbour of the detourEnd as an endNeighbour, then
these even-length detours are detected by checking for each (startNeighbour, endNeighbour)
pair whether they are connected via an edge. If the pair is connected, the subpath via these
nodes is added as a detour. This search can be extended similarly to the odd-length detours
by querying whether a neighbour of the startNeighbour is connected to a a neighbour of the
endNeighbour, etcetera. This situation is visualized in Figure 4.4.

The process of calculating detours via neighbours starts by calculating the neighbours of the
detourStart and detourEnd nodes and removing all nodes from those sets that are also present
in the path. This node removal is done to prevent a situation where the bottleneck nodes are
selected as a detour or a situation where one node is selected for a detour multiple times. Next,
the set of neighbours is limited to the maximum size according to the neighbourLimit parameter
by the limitNeighbours() subroutine (Algorithm 4).

Limiting neighbours consists of reducing the pool of selected neighbours to a smaller pool
to reduce the search space®. This limiting is done in a smart way to ensure that the path
can be improved as much as possible despite the limitations. First, each node in the set of

5If there are less neighbours than the limit, all neighbours are conserved of course.

11



Source detourStart Bottleneck detourEnd Destination

depthLimit = 0 5 — & —

depthLimit =1

(direct neighbours)

depthLimit = 2

(neighbours of 1st level neighbours)
depthLimit = 3

(neighbours of 2nd level neighbours)

Figure 4.3: An overview of how multiple levels of detours are generated. To avoid the bot-
tleneck node C, nodes B and D can be queried for shared meighbours, resulting in a detour of
B-C’-D. Further, neighbours of B and D (B’ and D’) can also be queried for shared neighbours,
resulting in a longer detour of B-B’-C”-D’-D. This detour detection can continue to deeper
levels, where neighbours of the neighbours are queried for shared neighbours, until the depth-
Limit is reached. Note that the heuristic also detects detours of even length. These even-length
detours are illustrated in Figure 4.4.

Source detourStart Bottleneck  detourEnd Destination

depthLimit = 0 B » (¢ —{ b

depthLimit =1
(direct neighbours) startNeighbour endNeighbour
depthLimit = 2

(neighbours of 1st level neighbours)

Figure 4.4: An overview of how multiple levels of detours are generated in even-length detours,
where neighbours directly connect to form a detour. Note that nodes B’ and D’ are not shared
neighbours of B and D, but they can still be used in the four-hop detour B-B’-D’-D. Detours of
higher length can be constructed by increasing the depth.

neighbours is scored based on the size of the intersection of its features with the set of best
effort requirements supported by all nodes in the path, excluding the bottleneck nodes. This
number indicates which neighbour is most suitable to be used as a detour. Then the nodes are
ordered on descending score, and finally the specified number of nodes are selected in order of
descending score. This ordering ensures that the selection contains the nodes with the highest
score, maximizing the chances of keeping the neighbours needed to form useful detours while
filtering out the less relevant neighbours. This process is visualized in Figure 4.5.

After the set of neighbours has been limited, the findDetours() subroutine continues by
determining which of the selected nodes are neighbours of both detourStart and detourEnd.
This overlapping set of neighbours becomes the set of shared neighbours. All nodes in the
set of shared neighbours are a neighbour of both the detour’s start node and the detour’s end
node, which means that any of these nodes can be used as a detour around the bottleneck.
Thus, each of these nodes is added as a detour, resulting in 3-node detours (detourStart,
shared neighbour, detourEnd). After that, the neighbours are analysed to see whether there
are pairs of (startNeighbour, endNeighbour) nodes that are connected with an edge. The pairs
that are connected are added as a detour as well, resulting in 4-node detours (detourStart,
startNeighbour, endNeighbour, detourEnd).

Through recursive calls detours longer than 4 nodes can be calculated. To ensure that the
detours contain no loops, the start and end sections of the detour are stored in two variables
called prefix and postfix. These prefix and postfix variables store the start and end of the detour
until the point where new neighbours are considered to be added to the detour. As the detour
is constructed, the prefix and postfix are updated and passed along to each recursive call to
ensure that the complete detour can be constructed at each subsequent level. The amount of
levels is limited using the depthLimit variable.

12
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Figure 4.5: Limiting of neighbours based on number of implemented best effort requirements.
The bold edges denote the current path, the green nodes denote the detourStart and detourEnd
nodes, the red node denotes the bottleneck, and the nodes with the yellow wavy lines as back-
ground denote the neighbours considered for a detour. The neighbours are limited based on the
number of best effort requirements they satisfy. In this case the neighbours are limited to the top
3 for both the detourStart and the detourEnd, causing some of the previously selected neighbours
to become deselected.
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After the detours are calculated, the heuristic continues by assessing the extent to which
each detour improves the path. Path improvement of a detour is measured by the total number
of best effort requirements the path satisfies when the bottleneck is replaced by a detour. To
calculate the path improvement, first the number of best effort requirements that the current
path satisfies is calculated, which we refer to as the overall score. Then the path is temporarily
stripped of the bottleneck, and the set of best effort requirements satisfied by the path without
the bottleneck is calculated, which we refer to as the bottleneck free score. If these numbers are
equal, the selected bottleneck turns out to not be a bottleneck node after all, since the overall
score does not decrease if this ”"bottleneck” node is included in the path. In that case, the
comparison ends, and the next bottleneck is selected for optimization. However, if the overall
score is lower than the bottleneck free score, the bottleneck does decrease the overall score, and
we have something to improve. Once this is the case, the comparison can begin.

To do the comparison, the algorithm loops over all detours for the current detourStart and
detourEnd, and calculates the score of the path in the case that the bottleneck is replaced by
the detour, which we refer to as the detour score. While calculating the detour score for each
detour, the algorithm keeps track of the detour that results in the largest detour score. Once
all detours are assessed, the best detour is installed in the path. This process is visualized in
Figure 4.6.

For each detourStart and detourEnd combination, detours are calculated using the complete
search space given by the depthLimit and neighbourLimit. This way the heuristic can be sure
that the detour that is installed in the end is the best possible detour that could be found
within the given limits. Another approach would be to search detours first with depthLimit
1, see if any of the detours improve the path, and, if this is not the case, stop optimizing for
this combination of detourStart and detourEnd. The heuristic does not follow this iterative
approach, since longer detours (that are found on a higher depth) can provide improvements
that are not available in shorter detours. Thus, terminating the optimization if shorter detours
do not improve the path could yield a worse result compared to when the full search space was
used to find detours. This is why the heuristic does not use the iterative approach, but instead
calculates detours using the complete search space before starting the comparison.

The process of selecting a detourStart and detourEnd, selecting the best neighbours, finding
all possible detours, and updating the path with the best detour continues for all skipAmounts.
In the end, the resulting path is improved as much as possible within the given limitations,
and the path is returned to the user. Pseudocode for each algorithm and routine is given in
Appendix A.
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Figure 4.6: The bold line denotes the current path, and the nodes with the marked with the
yellow wavy lines are the neighbours that are analysed for potential detours. The bottom two
marked nodes represent a potential detour, and the left node is chosen because it results in the
path with the highest score. Note that in the right figure the bold edges that denote the path go
via the marked detour node instead of the red marked bottleneck node.

4.4 Proof of Completeness within Bounds

Proving the completeness of the heuristic algorithm consists of showing that it finds the best
path out of the all paths within the given limits. The main idea of the proof is the following.

Proof summary: The search space of the heuristic algorithm is limited by the values for
depthLimit and neighbourLimit. The heuristic algorithm finds the shortest path, and then
replaces the bottlenecks of that path with detours if that results in a bigger set of satisfied
best effort requirements for the whole path, where the detours are calculated using all nodes
within the specified limits. While the path is being updated, the heuristic keeps track of the
current best path that the heuristic found within its limits at any time. Any alternative path
located within the given depthLimit and neighbourLimit that is better than the current path
will eventually be found in the form of a detour, and because the heuristic replaces parts of
the originally found shortest path if a better alternative can be found, the heuristic will end up
with the best possible path out of all the paths within the given limits.

4.4.1 Proof

The full proof is structured by induction. The proof talks about paths being the ‘best path out
of all paths within the given limits’ or paths being ‘equally as good as the best path out of all
paths within the given limits’. Formally, the best path out of all paths within the given limits
in this context is the path that satisfies the biggest set of the user’s best effort requirements
out of all the paths that can be found in the search space of the heuristic limited by the given
depthLimit and neighbourLimit, and a path that is equally as good as the best path out of all
paths within the given limits is a path that satisfies the same number of best effort requirements
as the best path out of all paths within the given limits.

To prove: Given a graph G(V, E), a path request, and arbitrary values for depthLimit and
neighbourLimit such that depthLimit > 0 and neighbourLimit > 0, the heuristic algorithm finds
the path from the source to the destination located within the search space limited by depthLimit
and neighbourLimit that satisfies the largest possible set of the user’s best effort requirements of
all paths located within the search space limited by the given values for depthLimit and neigh-
bourLimit. The source, the destination, and the user’s set of best effort requirements are
specified in the path request.

Base case: In the base case, the limits are set such that the search space is as small as
possible. A minimal search space implies that depthLimit = 0 and neighbourLimit = 0. In this
base case, no neighbours are examined, which causes the graph to be restricted to the graph that
consists of just the nodes and edges in the path found by the bidirectionalBFSWithFilter ()
method. In this graph, the path that satisfies the most best effort requirements is the path
found by the bidirectionalBFSWithFilter () method, and this path is also the path that the
heuristic algorithm returns. In the case that no path can be found due to the graph not being
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connected, the algorithm returns no path, which is in that case the correct answer®. Thus, the
base case is true.

Inductive hypothesis: Let the limits be set to arbitrary integers such that depthLimit >
0 and neighbourLimit > 0. Assume that the heuristic returns the path that satisfies the most
best effort requirements out of all paths within the given limits.

Inductive step (only depthLimit increases): Let depthLimit’ = depthLimit 4+ 1 and let
neighbourLimit stay the same. We show that the heuristic returns the path that satisfies the
most best effort requirements in the graph that is formed by the limits as specified. In this case,
the graph is extended by an extra level of depth, which allows for the calculation of detours
that visit the neighbours of the previously deepest level of neighbours. These new detours can
be used to further update the path if the detours improve the path.

Then there are two cases: Either the best path out of all paths within the given limits resided
in the graph that was formed using the previous value of depthLimit, or the best path out of all
paths within the given limits goes via the nodes that were added by increasing depthLimit to
depthLimit’. In the first case, according to the inductive hypothesis, the heuristic had already
found the best path out of all paths within the given limits before extending the limits, and
since the path is only updated if it can be improved, this best path out of all paths within the
given limits (or an equally good path) will be returned. In the second case, detours that include
the new nodes will be calculated and considered, ensuring that the detour needed to form the
new current best path that is found by the heuristic (or an equally good path) will be found.
Thus, in the second case the current path will be updated with the detour that makes the
current path the best path out of all paths within the given limits, and the heuristic will return
that path, which is the best path within the given values for depthLimit and neighbourLimit.

Inductive step (only neighbourLimit increases): Let depthLimit stay the same and
let neighbourLimit’ = neighbourLimit + 1. We show that the heuristic returns the path that
satisfies the most best effort requirements in the graph that is formed by the limits as specified.
In this case, more neighbours can be explored for each node, which allows for the calculation
of detours that visit these extra neighbours. These new detours can be used to further update
the path if the detours improve the path.

Then there are again two cases. In the first case, the new neighbours are not needed to
find the best path out of all paths within the given limits, in which case, according to the
inductive hypothesis, the heuristic already found the best path out of all paths within the given
limits (or another equally good path), and it will return this path. In the second case, the new
neighbours are needed to find the best path out of all paths within the given limits, in which
case the newly calculated detours will ensure that the path is updated to get a score equal to
the best possible path. Thus, in the second case the heuristic will find the best path out of all
paths within the given limits, or another path that satisfies an equal amount of the user’s best
effort requirements, and the heuristic will return that path.

Inductive step (both depthLimit and neighbourLimit increase): Let depthLimit’ =
depthLimit 4+ 1 and let neighbourLimit’ = neighbourLimit + 1. We show that the heuristic
returns the path that satisfies the most best effort requirements in the graph that is formed by
the limits as specified.

In this case, as in the previous two inductive steps, new nodes are available for the path, and
either they are not needed for the best path out of all paths within the given limits, or they are
needed. In the first case, according to the inductive hypothesis, the heuristic already found the
best path out of all paths within the given limits (or an equally good one) and will return it.
In the second case the heuristic will find the detours needed to construct the best path out of
all paths within the given limits (or an equally good path), update the current path with these
new detours, and return the updated path.

In conclusion, by the induction rule, the heuristic finds the best possible path out of
all paths within the given limits (or an equally good path) for any depthLimit > 0 and any
neighbourLimit > 0. Thus, the heuristic finds the path from the source to the destination that
satisfies the biggest set of the user’s best effort requirements out of all paths within the given
limits. OJ

6The next steps of the proof assume that there is a path from source to destination. Accordingly, in the next
steps this edge case is omitted.
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4.4.2 Reasoning about Optimality

The heuristic algorithm finds the best paths out of all paths within its limits, as proven before.
However, once these limits cause the search space of the heuristic to be smaller than the full
graph, the guarantee of finding the globally best path is removed, as there are nodes in the
graph that the heuristic does not consider, while these could be needed to form the globally
best path. Thus, no proofs of global optimality can be given.

Despite the global non-optimality of the paths produced by the heuristic, an effort was made
to improve the results. This improvement is done by ordering the neighbours in descending
order of the size of the intersection of their features and the set of features supported by all
nodes in the path except the bottleneck nodes. Then, when the neighbours are limited according
to the neighbourLimit, the neighbours that are selected are the ones with the biggest potential
for an improvement of the overall score. While this selection does not guarantee that the best
detours are found, it does help.

The second limit that is imposed on the heuristic is the depthLimit. This limit reduces
the search space, but what does it do to the optimality of the heuristic? The graph of our
target domain (the AS-level internet) follows a power-law degree distribution, which causes the
average path length to remain relatively short at 3.9 hops [54]. This short average path length
reduces the impact on path optimality of the depthLimit, since the probability of the optimal
path (or one that is equally as good) being available in the search space is higher if the length
of that path is lower. Thus, the low average path length in the AS-level internet causes the
impact of the depthLimit to be limited. This statement is supported by the evaluation, that
empirically shows that the heuristic performs close to optimal despite the limitations imposed
by the depthLimit and neighbourLimit (see Section 5.7).

4.5 GlobalBFS: Algorithm for Globally Optimal Paths

The heuristic described in the previous section can provide paths that are globally optimal if
there are no limitations. However, the heuristic is specifically designed to work with a restricted
set of neighbours. Once the set of neighbours is expanded to include the whole graph by setting
the depthLimit equal to the total number of nodes and the neighbourLimit equal to the total
number of nodes, the heuristic is significantly slower than an algorithm that is designed from
the ground up to find the globally optimal path, since the main speedup in the heuristic comes
from the fact that its search space can be limited very effectively.

Thus, for this task, globalBFS is introduced. GlobalBFS is a BF'S search with smart stopping.
Smart stopping means that globalBFS keeps track of the current best path and its score and
stops exploring a branch if the score of that branch is less than or equal to the score of the
current best path, where the score is the number of best effort requirements that the path
fulfills. This smart stopping does not prevent globalBFS from finding the globally optimal path
since the skipped branch can never result in a path that is better than the current best path.

GlobalBF'S has as a FIFO queue of internal states, where each state keeps track of the next
node to be explored, the current path at that point in the search, and the set of best effort
requirements that this intermediate path fulfills. This extra bookkeeping is necessary to ensure
that all possible paths are explored, specifically paths that might result in more best effort
requirements while taking a longer route. If a longer path from the source to some intermediate
node would be overwritten by a shorter path from the source to that same intermediate node,
we lose a path that is longer in length but potentially results in a larger score. Allowing all
paths to be explored is essential, as the goal is not to find the shortest path from source to
destination, but to find the path that satisfies the most best effort requirements, regardless of
the length of the path.

4.5.1 Functionality Description

The globalBFS algorithm works as follows. First the algorithm checks whether the start and
end nodes satisfy the strict requirements. If one of them or both do not satisfy the strict
requirement, an empty path is returned. Then, a FIFO queue that keeps track of the state of
each search branch is initialized and filled with the first entry that contains the start node, an
empty path, and the full set of best effort requirements given by the user. Then the BFS loop
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Destination

Figure 4.7: Illustration to motivate that globalBFS does not filter nodes that are to be explored
based on whether they have been visited already. This non-marking of nodes as being visited is
to ensure that after globalBES finds the path Source-A-C-Destination, it also explores the path
Source-B-C-Destination, which results in a higher score. If previously visited nodes were not
re-explored, node C would not be considered for the second path, and the second path would
never be found. GlobalBFS does skip nodes that are already in the current intermediate path to
avoid loops.

begins by dequeueing the first item from the queue and updating the variables for the current
path and current set of best effort requirements. If the size of the current set of best effort
requirements is less than or equal to the current globally best score, the search is terminated
(this is the smart stopping). If the current node is the final node, we have arrived. When we
have arrived, we check whether our current score is better than the globally best score, and if
that is the case, we update the globally best score as well as the path that resulted in that score.
If the current node is not the final node, we add all neighbours to the queue, together with our
current path and our current set of best effort requirements. Neighbours are only added to the
queue if they satisfy the user’s strict requirements and if they are not already part the path.
Those are the only two requirements. Note that we do not keep track of visited nodes, since
that prevents paths from being explored, while these paths might result in a better score. This
situation is visualized in Figure 4.7. When the queue is empty, the search is completed, and
the best path together with the score of that path are returned. The globalBFS algorithm is
outlined in Algorithm 7 in Appendix A.

Note that the runtime of globalBF'S is extremely long, due to the need to check every possible
path. The average runtime of globalBFS is 2183 times slower than the average runtime of the
heuristic. Because of these long runtimes, globalBFS cannot be used in practice. Its main
purpose is to find the globally optimal path so the performance of the heuristic can be measured
relative to that optimal path.

4.5.2 Proof of Correctness and Completeness

We claim that globalBFS is correct and complete. GlobalBFS being correct means that global-
BF'S always returns a path for which all nodes satisfy the strict requirements. GlobalBFS being
complete means that globalBFS always returns the path that satisfies the maximum amount of
best effort requirements.

Claim: globalBFS is correct.

Proof: There are two situations where a node that does not satisfy strict requirements can
be added to the path. The first is during the initial addition of the start node to the queue.
The second is when some node other than the start node is being considered as the next node
to be explored. GlobalBF'S takes care of the first situation by initially verifying that the start
and end node satisfy the strict requirements. If one of these nodes (or both) do not satisfy
the strict requirements, no path is returned, as no path from start to end node for which all
nodes satisfy the strict requirements can be found. The second situation is dealt with by only
exploring nodes that satisfy the strict requirements. Thus, both situations are covered, and we
can conclude that globalBFS is correct. O

Claim: globalBFS is complete.

Proof: The proof examines the three states the algorithm can be in.

The first state is the state where the current branch contains a set of best effort requirements
that is larger in size than the current best, and the current node is the destination node. In
this case, a path that satisfies a larger set of best effort requirements than the current best has
been found, and the global best scores are updated with the values of the current branch. In
the case that this path ends up being the globally best path, it will be returned by globalBFS.
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If another path ends up satisfying more best effort requirements, that other path will overwrite
the global best scores with its values, and that path is returned.

The second state is the state where the current branch contains a set of best effort require-
ments that is larger in size than the current best, and the current node is not the destination
node. In this case, the algorithm keeps exploring, ensuring that any path that flows from the
current incomplete path that ends up being the globally best path will be found.

The third state is the state where the current branch contains a set of best effort requirements
that is smaller than or equal to the global best. In this case, this branch can never result in a
path that is better than the current globally best path. Thus, the search in this branch can be
stopped without breaking the claim that globalBFS always returns the globally best path.

Finally, in the case that no path can be found due to too strict strict requirements, or due to
a disconnected graph, the globally best path is no path because we should never return a path
that does not fulfill the strict requirements. Thus, when no path can be found because of too
strict strict requirements, the best path is no path. In that case, globalBFS indeed returns no
path, which makes it complete in this final case as well.

Thus, in each state, globalBFS ensures that the path that is returned is the globally best
path, and we can conclude that globalBFS is complete. [

4.6 Implementation

Our algorithms are implemented in Python. The graph model is created using the NetworkX
Python package. Analysis and visualization of the results is done using Numpy and MatPlotLib.
The source code of our algorithms and experiments can be found on this github repository:
https://github.com/rocketmani1243/routing-based-on-user-requirements. The
implementation closely follows the pseudocode as displayed in Appendix A.

The code does not run in parallel but sequentially. This choice was made because the MPRI
problem requires a path for which all nodes in the path support the largest possible set of
requirements. If one were to split up the path into segments and optimize the segments indi-
vidually, the segments may barely overlap in terms of requirements that all segments support.
The path score, which is the total number of best effort requirements that all nodes in the
path support, is a metric that can be highly influenced by any of the nodes, which motivates
centralized and sequential optimization. Parallelization could be a promising avenue for future
work, but not for this thesis.

4.7 Deployment

This section explores in what ways the heuristic can be integrated in the current Internet. The
system proposed in this thesis can only be used in practice if it can work within the protocol
that is used for AS-level routing, which is currently BGP. The only thing that is needed from
BGP is allowing users to specify which route they want their packet to take. If users can specify
this route for their packets, the route can be calculated using the system proposed in this thesis,
and BGP ensures that this route is taken. The technology that enables this is source routing.
Thus, the question becomes: Does BGP support source routing?

In theory: yes. In practice: no. BGP supports source routing via segment routing [32, 59, 65,
66]. Thus, in theory, BGP supports our system. However, in practice, this feature is disabled
by default since source routing allows attackers to bypass firewalls [2]. Thus, in practice, many
ASes do not support source routing, which makes it not feasible to use BGP source routing.

If source routing via BGP is not possible, what can we do? This section describes three
approaches that in varying degrees implement the routing based on user requirements proposed
in this thesis. The first is based on xBGP, the second on SCION, and the third on regular
BGP. None of them fully implement the needed functionality, but they do get us in the right
direction.

4.7.1 xBGP

The first approach uses an extension to BGP called xBGP [79]. xBGP is a new implementation
model for BGP that enables ISPs to innovate by easily deploying BGP extensions in their
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multivendor network. The multivendor nature of the Internet causes a difference between the
set of features that is supported by the different ASes, which do not all use hardware from the
same vendor. This vendor asymmetry reduces the pool of features supported by all ASes to
the intersection of the features supported by all vendors. xBGP solves the vendor asymmetry
problem by introducing a virtual machine that allows the execution of a shared library of BGP
functions, which can then be ran by each ISP and allows for execution of BGP extensions.

One of the use cases of xBGP is the support for a more fine-grained control over path
selection, which is implemented by having all edge routers submit all their routes to a shared
virtual routing and forwarding table, instead of only propagating the best path. This shared
table is then filtered for all paths to a certain AS, and that AS gets access to those paths.
Now an ISP can choose from all paths instead of only the best paths, and choose which path it
installs from the complete pool of paths.

This system can be combined with our system by analyzing the paths in the virtual routing
and forwarding table, and scoring and filtering them based on the user’s strict and best effort
requirements. This score can then be used to decide which route to install. This approach
does not fully allow the user to send packets along the exact route according to their strict and
best effort requirements, but it does allow ISPs to install routes that are more in line with the
demands of their customers.

4.7.2 SCION

The second approach uses Scalability, Control, and Isolation On Next-Generation Networks
(SCION), which is a clean-slate Internet architecture [84]. It has security by design and it aims
to provide availability even with active malicious actors present on the network. Routing is done
in an hierarchical way. All ASes are grouped into Isolation Domains (ISDs), and in each ISD
a trusted group of ASes is appointed as core nodes. These core nodes then calculate multiple
paths from themselves to each non-core node in the ISD and install them in that non-core
node”. Paths from a non-core node to a core node are referred to as up-segments, and paths
from a core node to a non-core node are referred to as down-segments, and these segments can
consist of one or multiple ASes.

SCION allows the end user to choose which of the up-segments and down-segments is used
for the route. Thus, our system could be extended to perform pathfinding in the SCION way,
and inform the user about the up-segments and down-segments that satisfy the user’s strict
requirements and the combination of up-segment and down-segment that in total satisfies the
most of their best effort requirements. The user can then select the corresponding up-segment
and down-segment and let their network traffic take the selected route.

This approach does not fully allow the user to exactly determine what route the packet should
take, as the user can only choose from the pre-computed up-segments and down-segments. Full
control over the path would allow users to exactly and precisely determine the route on the level
of individual ASes. However, in the case of SCION, the smallest path unit that the user has
control over is an up-segment or down-segment, which can consist of multiple ASes, and there
are no guarantees that all possible paths from a node to a core node and back are available for
the user to pick from. Thus, in that way, the choice of the user is restricted. However, there is
still some level of control over the route, which is better than nothing.

4.7.3 BGP

This final approach uses purely BGP. Unfortunately, it does not fully get us where we want to
be, but it can help to move the Internet in the right direction. The idea works as follows.

The path selection process of BGP consists of a comparison based on a number of attributes of
the path, and the attribute that allows us to implement our system is the local preference. This
attribute can be used to prefer a certain path over another. We can use this local preference
parameter in conjunction with BGP communities to perform community-based traffic engineer-
ing. This technique consists of setting specific communities in our BGP route announcements
that trigger our neighbours to update their local preference for us to a higher or lower value.

"Routing between ISDs is done by going to a core node, and from the core node of one ISD to the core node
of another ISD, and then to the non-core node of the destination ISD.
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Specifically, ASes can encode the features they support in the form of communities that they
add to their BGP announcements. Communities can be seen as a tag that can be attached to
a BGP path announcement. A BGP announcement can have multiple communities attached
to it. Recipients of the announcement can match on the tags in a way that is similar to
regular expressions, and take certain actions based on what communities they find attached
to the announcement. One of the actions that recipients can take is increasing or decreasing
their local preference for a certain path based on what communities they encounter in the
announcement.

In our situation, we have a sender AS that announces routes to its neighbours, and attaches
to these routes a community that indicates how many features it supports. Neighbours of the
sender AS receive the announcement and can then see the feature-indicating communities in
the announcement. Based on the number of features that the sender AS supports, the receiver
AS can then increase their local preference for the path just announced by the sender AS. Once
the new path is installed and the higher local preference is updated, packets targeted at the AS
that sent the new route will take the path it just announced, since that path has the highest
local preference.

This approach implements part of the system of this thesis, but it does not get there all the
way. The downside of this approach is that we lose the granularity of sending traffic over a path
that satisfies the exact set of requirements a user requested. We can only make sure that the
likelihood of sending packets over a path that implements more features is increased, causing
these ASes to receive more traffic. BGP only allows one path to be selected per destination,
thus with the only modifier we have, the local preference, we can only choose one path for each
destination. Thus, within the constraints that the BGP protocol enforces combined with the
situation where ASes always retain the last word on where they do or do not send their traffic,
the above-mentioned approach is the best we can do. This system works best when a group of
ASes agrees on what communities map to which features, and what actions are taken when a
BGP announcement with a certain set of communities is received. A potential group of ASes
for which this system could work is the group of participants of the MANRS project.

Mutually Agreed Norms for Routing Security (MANRS) is an organization that encourages
ASes to support four main features: filtering BGP announcements, implementing anti-spoofing
measures, maintaining globally accessible and up-to-date contact information, and publishing
your routing information. At the time of writing, there are 1185 ASes registered as a member
of the MANRS organization. If the MANRS organization defines communities for each of
the features they advocate for, and define what the local preference should be set to for each
combination of supported features, the member ASes can implement that. Then the MANRS
members can communicate their supported features to each other via BGP updates and send
their packets to preferred peers based on these features using the adjusted value for local
preference. Motivation for why ASes would want to participate in this system is described in
Section 6.3.

To ensure a standardized format for the feature communities, we can use BGP extended com-
munities [74]. These communities are registered by the Internet Assigned Numbers Authority
(IANA) [42]. The MANRS organization can define their format and request an officially re-
gistered extended community to represent the MANRS features. The rest of this section details
parts of the design of this extended community to ensure it reaches its goal.

There are two types of extended communities: transitive and non-transitive communities.
Transitive communities are communities that may be forwarded to neighbours that receive it
as part of a BGP announcement, whereas non-transitive communities should not be forwarded.
The feature communities should be ‘conditionally transitive’, meaning that a feature community
should only be forwarded by an AS if that AS supports that feature. Only when an AS
announces itself to its neighbours, it is allowed to add communities that were not there before.
If an AS only forwards an announcement and adds itself to the AS path, it can only remove
the communities from the announcement that correspond to features it does not support. This
mechanism is useful, because in this way ASes will receive AS paths with a certain set of
communities and only forward the announcement with the (sub)set of features it supports as
well. This ensures that all ASes on the AS path of the announcement support the set of
features that correspond to the communities in the BGP announcement. The ASes receiving
that announcement can then update their local preferences correspondingly, and thus route
their traffic along the paths that support the most features.
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To be on the safe side, we suggest to set the transitiveness of the extended community to non-
transitive when registering the features community with TANA, such that ASes do not forward
features they do not support. ASes themselves can then decide whether to add or remove the
feature community based on their supported features and ‘override’ the non-transitive property
of the community by forwarding it after updating. An obvious risk here is that ASes announce
features they do not support. To combat this risk, ASes modifying their local preference based
on the received communities should cross-compare whether the AS they received the community
from actually supports all features it claims to support using the openly available MANRS data
on what operator supports what feature [57], and only act on the information if it matches up.
Each AS that receives the community should do this cross-comparison, and then the path is
verified for each hop.

One might suggest that we skip the supported-features community and have each AS calculate
for themselves for each AS path they receive which common set of features is supported using
the MANRS data. However, unfortunately currently the majority of ASes are not a member
of the MANRS organization, which would cause ASes to do large amounts of computation
with the result that the set of commonly supported features is empty. Thus, for scalability
the supported-features community makes more sense, as it only appears once an AS actually
supports these features, and it does not appear when an AS supports no features.

The extended communities registered by TANA come in various types, and the type that suits
our use case best is the Opaque Extended Community [74]. This community type has 8 bits
to define a sub-type that identifies this community as our feature community, and 48 bits to
define a value. This value can be used to represent what features are supported. To allow for
flexible matching and execution, we propose a design where we both encode the total number
of features supported, as well as the specific features that are supported. This double encoding
allows matching either on specific features or on the number of supported features and allows
for extensions to the feature-based routing system later on.

We propose the following design of the 48 value bits: the first 42 bits encode one bit per
feature, where 0 means the feature is not supported and 1 means the feature is supported. The
last 6 bits represent the total number of supported features in binary notation. This system
thus supports up to 42 individual features, but it also works for less than 42 features. For ex-
ample, let’s take the 4 MANRS features (Filtering, Anti-Spoofing, Coordination, and Routing
Information), and assign them an index in alphabetical order (Anti-Spoofing is 0, Coordination
is 1, Filtering is 2, and Routing Information is 3). Applying this feature set to an AS that sup-
ports only the first two features, this AS would send a BGP announcement with the following
extended BGP community attached to it:

[TANA_SUB_TYPE] 11000000 00000000 00000000 00000000 00000000 00000010

This community indicates that the AS supports Anti-Spoofing and Coordination by setting
the first two bits to 1, and it indicates that the AS supports 2 features in total by having the
last 6 bits set to 000010, which is 2 in binary.

Once an AS receives this community, this receiver AS can use the last 6 bits to update
its local preferences according to the score, or update the local preference based on a specific
subset of features if desired®. Next, the receiver AS can quickly calculate the features that are
supported by both the sender AS and itself by applying a bit mask of the features that this AS
supports onto the community. The bitmask can be similarly structured to the community, and
with an AND comparison the new bitstring is quickly calculated. The only thing left to do for
the receiver AS is to calculate the new total of supported features, append itself to the AS path
and forward the announcement to its peers®.

The design of this system facilitates gradual implementation, because a BGP announcement
will only be decorated with a supported-features community if all ASes in the AS path support
these features. Thus, an AS that does not participate in the feature-based routing system will
not add the supported-features community, which will leave BGP working as usual. However,

8We do not propose actual values for the local preference, as each ISP has another policy. Thus, their default
values and policies that govern the value for the local preference are different, and each ISP has to design their
own values such that they are compatible with their policies.

9As a sidenote, for Cisco systems the forwarding of BGP communities is disabled by default. Thus, all
ASes participating in this system should enable it with the command neighbor [ip-address] send-community
extended or neighbor [ip-address] send-community both.
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for the ASes that do participate, the special community that indicates the supported features
allows them to modify their local preference for the destination and thus route based on the
supported features.

Finally, note that some MANRS featues are not binary but gradual, where a feature can be
supported for, say, 58 %. One can of course alter the design to use 7 bits per feature and thus
encode percentage between 0 % and 100 %, but this design makes matching more complex, and
it reduces the number of supported features from 42 to 6. Although 6 features would be enough
for the 4 features that MANRS currently has, there is little room for future expansions down
the road. Another option is to encode the percentages in steps of 10% or 12.5%, which reduces
the number of bits needed per feature. If needed, this design can be redesigned such that each
feature is represented by its own community, but that makes matching and updating the local
preference value more complicated than the current design.
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Chapter 5

Evaluation

This chapter analyzes the effectiveness of the heuristic in relation to the globally optimal path.
The evaluation answers the following research questions.

1. What is the influence of the number of features and requirements on the performance of
the heuristic?

2. What is the influence of the ratio between minimum and maximum number of features
supported by each AS on the performance of the heuristic?

3. How well does the heuristic scale?
4. On what type of graph topology is the heuristic most effective?
5. How well does the heuristic perform in a realistic scenario?

These questions are answered in five experiments. The variable score range experiment
(Section 5.3) evaluates the impact of different numbers of features and requirements on the
performance of the heuristic. The ratios experiment (Section 5.4) examines how different ratios
between minimum and maximum number of supported features per AS influence the perform-
ance of the heuristic. The heuristic scalability experiment (Section 5.5) evaluates the scalability
of the heuristic in the length of the shortest path on a grid-based graph. The infrastructure
experiment (Section 5.6) evaluates the effectiveness of the heuristic on four different graph to-
pologies that are based on real world infrastructure networks. Finally, the Realistic Scenario
experiment (Secion 5.7) evaluates the effectiveness of the heuristic on a graph of the AS-level
Internet with realistic experiment parameters.

The evaluation chapter is structured as follows. Section 5.1 discusses the setup that was built
around the algorithms to run the experiments. Section 5.2 describes and motivates the metrics
that were used. Sections 5.3 — 5.7 describe the setup and the results of the experiments that
were performed. Finally, Section 5.8 summarizes the results and extracts the key insights from
the results.

5.1 Setup

The programming language version and package versions that were used to implement the
experiments and algorithms are listed in Table 5.1, and the hardware that was used to run the
experiments is displayed in Table 5.2. The source code can be found in this github repository:
https://github.com/rocketman1243/routing-based-on-user-requirements.

To answer the aforementioned research questions, a comprehensive evaluation system has
been created. The setup consists of a system to generate graph instances and path requests,
an algorithm and graph selection system, and a data analysis system. The graph and path
request generation systems create custom graphs and custom path requests according to given
experiment parameters. The algorithm and graph selection system select the correct algorithm
(heuristic or globalBFS) and the correct input graph for a given experiment. The data analysis
system selects the correct results and processes them according to the selected experiment.
A visual overview is given in Figure 5.1, and the following sections describe each part of the
evaluation system in more detail.

5.1.1 Graph and Path Request Generation System

The graph instances are built from a list of files, each of which encodes the information for
one node. Such a file contains the node id, the features the node supports, and the nodes it
is connected to. These files act as the intermediary between the generation of graph instances
and the construction of a graph model based on the files. This decoupling allowed the design
of the graph generation system to develop independently of the experiment execution system.
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Item Value

Python version 3.10.12
NetworkX version | 3.2.1
Numpy version 1.26.2

Matplotlib version | 3.8.2

Table 5.1: Code versions of the packages used in the implementation.

Item Value

Laptop model Lenovo ThinkPad P16v Gen 1
CPU Intel i7-13700H @ 4.8GHz
RAM 32 GB

Operating System | Pop!_OS 22.04 LTS x86_64

Table 5.2: Specifications of the laptop that was used to run the erperiment.

The node files are generated by a script. This script contains many parameters that can be
tweaked to change the parameters of the node files, which in turn changes the structure and
characteristics of the graph model. Using the switches and different graph generator programs,
the wide range of graph instances that has been created for the evaluation could be generated
quickly and efficiently.

The path requests are generated using a similar script, with many switches and parameters
to customize the contents of the path requests. Using these parameters, the path requests can
reflect the specific scenarios and experiments that were tested during the evaluation. Each
path request is encapsulated in its own file, which contains the start node, the end node, the
strict requirements, and the best effort requirements. Using the node files and path request
files as an intermediary allows easy modifications in terms of extra information that needs to be
communicated. If one wants to add, for example, the latency of all the edges, or the geolocation
of a node, or any other information, it can be easily added.

Once the node files and path request files are created, they are read by the main program.
The main program constructs a NetworkX graph model based on the node files, and feeds this
model, along with one of the path requests, to either the heuristic algorithm or the globalBFS
algorithm.

5.1.2 Algorithm and Graph Selection System

The evaluation uses two algorithms: the heuristic algorithm (introduced in Section 4.1) and the
globalBF'S algorithm (introduced in Section 4.5). Each algorithm can satisfy a path request on
multiple types of graphs, and the experiments used multiple different graphs as input. To deal
with this diversity, an algorithm and graph selection system was developed to select the correct
combination of algorithm and input graph for each experiment. This system is a collection of
switches that allows one to indicate which algorithm and which graph is being used, and based
on that the correct files are read, the correct environment variables are set, and the correct
algorithm is run with the correct input. Tying the setup to the chosen switches allows someone
to quickly set up and run multiple experiments while having to do very little setup for each
experiment. While the chosen algorithm is satisfying the chosen set of path request on the
chosen graph, the runtime and other statistics are gathered. Once the experiment is completed,
the results are written to a file.

5.1.3 Data Analysis System

Data analysis starts by reading the data from the files created by the previous system. This data
is then processed, and visualized. Similar to the previous systems, the data analysis system is
also highly configurable. Using switches, the desired experiment and the corresponding results
files can be selected. These switches also determine what graphs should be generated. Once the
desired graphs are generated, they are saved to figures to be used as illustrations in the report.
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Figure 5.1: Visual overview of the evaluation system. Graphs are represented by sets of node
files that encode all information for one node, including its edges. One path request results in
one path. The algorithms handle one path request at a time. Results are stored separately for
each experiment, and the analysis and visualization is customized for each experiment. FEach
part can be executed independently of each other, allowing for efficient preparation and batch
running of erperiments.

5.2 Metrics

The evaluation uses three metrics: average path improvement, average runtime, and score
difference’. The following sections explain how these metrics are calculated and motivate why
they were chosen as the metrics for this evaluation.

5.2.1 Average Score Improvement

Average score improvement is the amount of extra best effort requirements that the heuristic is
able to satisfy by updating the path with detours compared to the original path. This metric
is relevant because it shows the extent to which the heuristic can find detours to eliminate
bottlenecks. If the limits are too strict, the search space for detours is too limited, causing a
situation where the path can hardly be improved. If the results of multiple sets of limits are
compared, and at some point the improvement plateaus, the limits are too wide and can be
tightened down to reduce the heuristic runtime with only a minuscule impact on the score.
Thus, the average score improvement gives clear insights into the effectiveness of the heuristic.

5.2.2 Average Runtime

The aim of this thesis is to create a solution to the problem that is usable, where usability is
expressed as the extra delay that the heuristic adds to the process of web browsing or other
routing applications. This goal of usability makes measuring the runtime relevant. The runtime
is averaged over multiple path requests, since one path request can have positively or negatively
skewed results. Using the average runtime we can analyze the relationship between different
values for the limits and the corresponding average runtime, and determine what the best trade
off is.

1Which metric is used in what experiment is explained when the experiments are introduced.
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Min number of features | Max number of features | Requested requirements
4 5 1,2,...,4,5
20 25 1,2, ...,24, 25
80 100 1,2, ..., 99, 100
400 500 1, 2, ..., 499, 500

Table 5.3: Values for minimum and mazimum number of features for the variable score range
experiment. To illustrate the way the range is used: 20 — 25 features means that the minimum
number of features for a node was 20, the mazimum number of features for a node was 25, and
the exact number was randomly chosen via a uniform distribution between the minimum and
the maxzimum. Further, it means that the path requests were assigned the set of 1 through 25 as
best effort requirements. The same applies for the other ranges.

5.2.3 Score Difference

The performance of the heuristic on its own is hard to evaluate. When does it perform well?
When does it lag behind? To get accurate answers to these questions, it makes sense to compare
its performance to some standard. In these experiments, the globally optimal results from the
global BF'S algorithm provide that standard.

When looking at the performance of the heuristic relative to globalBFS, comparing runtime
makes no sense. The heuristic is designed to reduce the search space in order to significantly
reduce the runtime, while globalBFS has to search the whole graph for the globally best path?.
Thus, the heuristic will be much faster than globalBFS. Instead, the difference in score between
the heuristic path and the globally optimal path is compared. This comparison gives an in-
sight into how well the heuristic solves the NP-hard Maximum Path Requirement Intersection
(MPRI) problem despite being limited by the depthLimit and neighbourLimit. With the setup
and the metrics explained, we can now look at the experiments and their results.

5.3 Variable Score Range Experiment

To express how ‘good’ a path is, we measure the score of a path. The score of a path is defined
as the number of requirements that this path fulfills. The number of requirements that a user
can request in their path requests and the number of features that can be assigned to ASes
determine what range this score value can take on. If an AS can support between 0 and 5
features, and users can request between 0 and 5 requirements, the score ranges between 0 and
5. However, if the features and requirements range between 0 and 100, the score ranges between
0 and 100.

This experiment aims to answer the question: What is the influence of different score ranges
on the performance of the heuristic? To that end, four different feature ranges and four cor-
responding requirement sets are introduced, and the performance with these score ranges is
compared to each other.

5.3.1 Experiment Setup

The feature ranges examined in this experiment are: between 4 and 5 features, between 20 and
25 features, between 80 and 100 features, and between 400 and 500 features. The requirements
in each path request are set to the full set of requirements from 1 up to and including the
maximum of the feature range. These ranges are summarized in Table 5.3. For each of these
ranges, the number of features assigned to each node in the graph is randomly chosen from that
range according to a uniform distribution. Reasoning behind the choice of distribution can be
found in Section 6.4.

Each set of values aims to maintain the 4:5 ratio of minimum to maximum. The reason that
the minimum number of features is not set to 0 is that using the full range of features reduces
the clarity of the results. The main aim of the experiments is to examine the effectiveness of
the heuristic relative to the globally optimal path. However, if nodes in the graph have very

2Note that globalBFS stops expanding a branch when it cannot result in a better score than the current best
path with the current best score, so it can happen that globalBFS does not search all nodes.
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little features, both the globally optimal solution and the heuristic will return paths with very
low scores. The difference between these scores is then low, which makes it hard to see what
influence certain parameters have. If the solution space is, instead, larger, there is more room
for the score of the heuristic to be nearer or further away from the globally optimal solution,
which allows us to draw more informed conclusions about the effectiveness of the heuristic. In
a realistic scenario the minimum number of features and requirements would be 0, of course.
Such a scenario is examined in the realistic scenario experiment (Section 5.7).

The ratio of 4:5 is chosen to ensure that the solution space is of desired size for each number
of features, while having some consistency in the ratio between upper and lower limit across the
different feature ranges. The effect of using different ratios is examined in the ratios experiment
(Section 5.4), which shows that different ratios produce nearly the same result. Thus, the exact
choice of value for the ratio does not matter much.

The heuristic supports the exclusion of autonomous systems based on strict requirements.
However, eliminating autonomous systems from the graph due to not satisfying a set of strict
requirements is not a hard task, and it reduces the search space, making the problem easier
and the runtime lower, since there are less nodes to consider. Thus, to challenge the heuristic
and keep the complexity of the problem intact, the path requests have no strict requirements
such that no nodes are filtered from the graph.

In this experiment, the path requests are configured to request all best effort requirements
between 1 and the upper limit of the feature range (e.g., for the feature range 80 — 100, the
path requests request the best effort features 1, 2, 3, ..., 99, and 100.). Setting the best effort
requirements in the path requests to all requirements ensures that only the intersection between
neighbours causes reduction in the shared pool of features, instead of having the set of best
effort requirements be a limiting factor as well.

The experiment is run on a graph based on the Internet on the level of ASes. This graph
is built from the AS Relationships dataset from CAIDA®. This dataset is chosen because its
scale is representative of the number of autonomous systems on the Internet*, which allows us
to determine whether the heuristic is fast enough to handle graphs of realistic size.

For this experiment, the main two questions that are answered for each combination of
number of features and requirements are:

1. What is the optimal trade-off between runtime and quality of results?

2. How close are the results of the heuristic to the globally optimal results?

These questions are answered in two stages, one stage per question. The first stage is aimed
at finding the best set of limits to give as parameters to the heuristic algorithm. The second
stage is aimed at examining the difference between the score of the globally best path and the
path found by the heuristic algorithm.

5.3.1.1 Limit Stage

The heuristic algorithm can be limited in two ways. The depth of the detour generation
can be limited with the depthLimit, and the number of neighbours of the detourStart and
detourEnd nodes that is examined for potential detours on each level can be limited with the
neighbourLimit.

For each of these limits, there exists a trade-off between runtime and results. If the value
of the limit is increased, the search space grows. On the one hand, the increased search space
allows the heuristic algorithm to find more detours that could potentially result in a path with
a higher score. On the other hand, the increased search space causes the heuristic to have a
longer runtime, as the larger search space results in more and/or longer detours for which the
score needs to be calculated.

The limit stage examines this trade-off. The experiment defines a number of limit values for
the heuristic, runs the algorithm on a graph for each combination of limits, and then shows both
the runtime and the improvement for each set of limits. Here, the improvement is number of
extra best effort requirements that are satisfied on top of the set satisfied by the shortest path.

3The CAIDA AS Relationships Dataset 2023-06-01, from https://publicdata.caida.org/datasets/as-r
elationships/serial-1/, which contains 75,388 nodes and 501,550 edges, with an average degree of 13.31.

4As of 5 January 2024, CIDR reports 75,350 active ASes [40], while the AS Relationship dataset contains
75,388 nodes.
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Parameter Value
Number of strict requirements in each path request | 0
Number of path requests 100
Runtime threshold 500 ms

Table 5.4: Parameters for the limit stage. Note that the number of features and requirements
are displayed in Table 5.3.

The idea is that the set of best effort requirements satisfied by the shortest path is received
‘for free’, since the limits do not influence the search space for finding the shortest path. The
part that the limits do influence is the calculation of detours and the subsequent improvement
of the path, over the baseline set by the shortest path.

For this stage, a set of 100 path requests is randomly generated, meaning that each path
request has a random start and end node. The algorithm will use this same set of path requests
as input with each set of limit values to facilitate comparison between the limit values. All
experiment parameters for the limit stage are summarized in Table 5.4.

Using the different limits, one can choose the trade-off between runtime and path improve-
ment that one likes best. This choice can be made on the basis of average runtime, median
runtime, maximum path improvement, or other metrics. For the next stage of this experiment,
we pick one set of limits and compare the performance of the heuristic, configured with that
set of limits, to the globally best solution. For this thesis, we will pick the example of selecting
a set of limits based on average runtime. As a threshold for the runtime, again, any value can
be chosen. We set the threshold such that the runtime should be below 500 ms®. However,
other values can also be used. The result of the limit stage is the set of limits that provides the
highest average score improvement while having an average runtime below the threshold of 500
ms.

5.3.1.2 Comparison Stage

The comparison stage takes the limits that provided the best results of the heuristic while
keeping the average runtime under 500 ms in the limit stage, and compares the quality of
the results of the heuristic with those limits to the globally best results. This comparison is
performed by running both the heuristic and globalBF'S on the same graph instance, and having
both algorithms satisfy the same 100 randomly generated path requests.

Since we are dealing with an NP-hard problem, finding the globally best solution can take
a tremendous amount of time. This phenomenon is visible in the runtime of globalBFS. Glob-
alBF'S has to examine the full graph to guarantee that the path that it returns is indeed the
globally best path, which results in a significant runtime®. This significant runtime makes gath-
ering enough results to smooth out the influence of individual path requests that result in a
significantly higher runtime than the rest too time intensive. To deal with that, we make two
changes to the setup.

First, we run the heuristic and globalBFS on a smaller graph with 500 nodes. To create a
graph with a similar structure, the graph is generated using the random_internet_as_graph
graph generator” from NetworkX, which is based on the AS graph model by Elmokashfi, Kval-
bein, and Dovrolis [26]%. Since the small graph has the same structure and characteristics as
the large graph, and the limits that the heuristic is configured with are determined on the large

5This time limit is chosen since it represents the amount of time that would not too significantly impact the
experience of an end user for typical web traffic; waiting 500 ms extra is reasonable, while waiting 5 seconds
extra can be too much. People tend to leave a website when the loading takes too long. The average limit is to
be around 5 seconds[71, 33, 12], which make 500 ms a reasonable amount of time to add to the delay.

6Note that due to the smart stopping globalBFS might end up ignoring some nodes, but still its search space
is nearly the whole graph.

"The source code for the generator can be found here: https://networkx.org/documentation/stable/refe
rence/generated/networkx.generators.internet_as_graphs.random_internet_as_graph.html#networkx.ge
nerators.internet_as_graphs.random_internet_as_graph

8This model is from 2010, which makes it slightly outdated. However, the provided graph generator makes
the model very user-friendly, which is why it was chosen. Further, a more recent study from 2021 [62] showed
similar degree distributions in AS-level graphs to the work of Elmokashfi et al., which justifies the use of the
generator in 2024.
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Parameter Value
Number of strict requirements in each path request 0
Total number of path requests 200
Number of path requests used in comparison first 100 that finished within limit
Time limit per path request for globalBFS 5 minutes

Table 5.5: Parameters of the comparison stage. Note that the number of features and require-
ments are displayed in Table 5.3.
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Figure 5.2: Best limits for the feature range experiment. These limits are the best limits for
each range of features applied to the nodes, given that the average runtime should stay below
500 ms. A feature range of 4 — 5 means that the minimum number of features for a node is
4, the mazimum number of features for a node is 5, and the exact number is randomly chosen
via a uniform distribution between the minimum and the mazimum. Note that in general an

increasing number of features causes the limits to decrease in order to keep the average runtime
below the threshold of 500 ms (note that 4-5 has a lower neighbourLimit but a higher depthLimit).

graph, we can expect that the results related to score differences between the heuristic and the
globally best solution from the small graph are applicable the large graph as well.

Second, we stop the execution of globalBFS if it exceeds the time limit for one path request,
which we set to 5 minutes. To deal with the fact that we might end up with less than 100 samples
due to globalBFS not completing within the timeout, we run in total 200 path requests, and
take the first 100 samples for which globalBF'S completed within the time limit, counted by their
filename index (so not sorted on lowest runtime). The parameters for this stage are summarized
in Table 5.5.

5.3.2 Results

To compare the best effort requirements with the features supported by all nodes, many set
intersections need to be calculated. These intersections, in the worst case, take O(n?) time.
Consequently, an increase in the size of the sets on which the intersections need to be performed
cause these intersections to take more time. This higher runtime requirement is clearly reflected
in the results of the limit stage, shown in Figure 5.2. These limits are based on the runtime
and path improvement results of the limit stage for each feature range, which are displayed in
Appendix C.

The resulting limits show that a smaller score range allows the heuristic to explore a larger
area, which is reflected in the higher limits of the smaller feature ranges. Conversely, as the
score range grows, the limits decrease, since the amount of work that the heuristic can do within
the 500 ms threshold is less, causing the space that the heuristic can explore to shrink. Thus,
the results clearly show the relation between score range and search space.

However, when we zoom in on the limits of the 4-5 range and the 20-25 range, an interesting
result emerges. The 4-5 range has a depthLimit of 3 and a neighbourLimit of 6, resulting in a
total search space of 6-6-6 = 216 nodes. The 20-25 feature range has a depthLimit of 2 and a
neighbourLimit of 15, resulting in a search space of 15-15 = 225. Thus, surprisingly, the 20-25
feature range has a larger search space than the 4-5 feature range. An explanation for this
phenomenon is that the larger 20-25 feature range gave more opportunities for the heuristic
to find detours that improve the path than the smaller 4-5 feature range, which allowed the
heuristic to produce better paths with a higher path score improvement with the 20-25 feature
range than with the 4-5 feature range. This flexibility and this higher score could have led the
heuristic to the higher search space, even though there were more features to process.
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Figure 5.3: Histogram of difference between number of best effort requirements satisfied by the
globally best path and the number of best effort requirements satisfied by the heuristic path for
each of the feature ranges for 100 randomized path requests. Note that the heuristic performs
similar across feature ranges. The performance of the 400-500 range seems worse than the
other ranges, but when looking at the relative performance (Figure 5.4) the performance for this
range is similar to the other ranges. Thus, this seemingly worse performance could be because
small relative differences are bigger in absolute numbers with the larger score range (note that
the x-axis is equal for each score range).

Next, in what amount does the reduced search space influence the effectiveness of the heur-
istic? While the larger feature ranges do negatively impact the heuristic performance somewhat
in the score difference histograms in Figure 5.3, the difference is not significant, as the relative
performance in Figure 5.4 shows. When examining the results more closely, the best relative
performance is surprisingly achieved by the 20 — 25 feature range, instead of by the 4 — 5 feature
range, while the theory of lower score range causing higher search space causing a more effective
heuristic would suggest the opposite. An explanation could be that the 4 — 5 features range
does allow for a large search space, but the low number of features restricts the search space in
terms of features more than the 20 — 25 features range does. The larger “wiggle room” provided
by the 20 — 25 features range could be the cause of the higher relative performance and better
results in the histogram.

5.4 Ratios Experiment

In the variable score range experiment, a ratio of 4:5 between minimum number of features
and maximum number of features supported by each node was maintained across the different
feature ranges. This number was chosen to have sufficient score range to have meaningful
differences between the heuristic and globalBF'S. However, would different ratios have influenced
the results significantly? This experiment answers that question by comparing the performance
of the heuristic across four different ratios between the minimum and maximum number of
features that an AS supports.

5.4.1 Experiment Setup

The experiment is structured similar to the limit stage of the variable score range experiment.
The goal is to find the best set of limits for which the average path improvement is maximal
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Figure 5.4: Average relative score of heuristic compared to the globally best score for each
feature range. 4 — 5 features means that the minimum number of features for a node was 4 and
the mazimum number of features for a mode was 5. Note how all feature ranges have scores
that are above 97% of the globally optimal score, with little differences among the different score
ranges.

Ratio | Min number of features | Max number of features
2:3 66 99
3:4 75 100
4:5 80 100
5:6 85 102

Table 5.6: Ratios and their corresponding minimum and mazimum number of features for the
ratios experiment, given that the mazimum number of features is approximately 100.

while staying below the example runtime limit of 500 ms for each feature ratio. The nodes are
configured to use approximately the same number of features, only with a different ratio between
the minimum and the maximum. The maximum number of features is always approximately
100, and the minimum number of features is determined according to the ratios in Table 5.6.
The number of requested best effort requirements is set to the maximum number of features
for each ratio. The other parameters for the experiment are outlined in Table 5.7. Like in the
the limit stage of the variable score range experiment, the experiment uses the full size graph
of the AS-level internet based on the CAIDA dataset. Further, similar to the variable score
range experiment, the path requests have no strict requirements.

5.4.2 Results

The full runtime graphs are available in Appendix D, but the summary of the results is that the
values for the best limits are very similar for each ratio, having the same value for depthLimit
and a neighbourLimit that differs by at most 2 among the ratios. This shows that the exact
values that are chosen for the ratio between the minimum number of supported features and
the maximum number of supported features does not significantly affect the performance of the
heuristic. The limit values are visualized in Figure 5.5.

Note that a natural follow-up question would be: What is the effect of the minimum number of
supported features on the results of the heuristic? This could be answered by looking at feature
ranges like 10-100, 20-100, 30-100, up to 100-100. However, while these results are theoretically
interesting, they have no real-world meaning. The only reason that the experiments use a
minimum number of supported features for each AS in the graph is to ensure that the score
range is high enough to show clear differences between the heuristic and globalBFS. In reality
there will be no minimum on the number of supported features, as each AS has different
priorities regarding the implementation of features, and each AS has their own goals. For that
reason the above-mentioned ratios of 10-100, 20-100, etcetera, are not examined.

5.5 Heuristic Scalability Experiment

The internet is growing every day [41, 73], and the system in this thesis is aimed at routing
internet paths. A relevant question then becomes: How well does the heuristic scale? That
question is answered by this experiment, in which the runtime of the heuristic is measured
relative to the length of the shortest path between start and end node.
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Parameter Value

Number of total features Approximately 100
Number of strict requirements in each path request | 0

Number of path requests 100

Runtime threshold 500 ms

Table 5.7: Parameters for the limit stage of the ratios experiment. The number of total features
18 approxzimately 100 because the ratios did not always line up to the round number 100, since
the number of features needs to be integer.

Limit values for each feature ratio
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Figure 5.5: Limit values for the ratio experiment. Note that the limits are very similar across
different feature ratios, indicating that the exact choice of ratio does not significantly affect the
results.

To do that, a square grid graph of 500 by 500 nodes was set up with a feature range of 80-100
features per node, and path requests that request all 100 best effort requirements for each path
request. These path requests were created with an increasing distance between start and end
node, starting at 10 hops, and increasing with 10 hops until a maximum length of 200 hops. We
generated 10 path requests with a random start and end location for each distance, resulting
in 200 path requests in total. The task for the heuristic is simply to solve all path requests on
the 500x500 grid graph. For each path request, we kept track of the runtime. The result is an
overview of the runtimes for each distance between start and end location.

We chose a grid graph for this experiment because the regular layout of this graph ensures that
choosing certain start and end coordinates results in a path request for which the shortest path
is at least the intended number of hops. Further, the regular layout of the grid graph creates
a setup where the amount of work that the heuristic needs to do is deterministic, regardless of
what start and end location are chosen. This determinism creates a stable environment to test
the scalability of the runtime. We tried to repeat the scalability experiment on the full size
AS graph, but the power law degree distribution of that graph causes shortest paths between
two nodes to remain short, even if the size of the graph grows. This characteristic made it
difficult to find start and end positions for which the shortest path has a length equal to 10,
and finding paths of higher length proved even more difficult. This absence of a large number
of long shortest paths makes the AS graph not suitable for the scalability experiment.

5.5.1 Results

The results are visualized in Figure 5.6. The results show that the runtime of the heuristic
grows in a polynomial fashion with the distance between start and end, both when looking at
the median and maximum values of the runtimes for each distance. This polynomial scaling
means that the heuristic is mostly useful for small instances of graphs where the length of the
shortest path grows with the graph size, as the growing runtime makes the heuristic less useful
as the graph size becomes larger.

A note on these results; keep in mind that the scalability of the heuristic is less of an issue
if it is used to calculate routes on internet graphs, as the degree distribution of a graph of the
internet follows a power law, which keeps shortest paths short even if the graph grows in size.
This fact makes this result interesting, but less relevant.
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Figure 5.6: Bozplots of the runtimes of path requests with increasing distance between start
and end nodes on the grid graph. The result for each distance is a boxplot that visualizes the
runtime of 10 path requests that requested a path with that distance between start and end. For
distance, the Manhattan distance was used. Note that the runtime increases in a polynomial
fashion, both for the median and mazimum runtime values.

5.6 Infrastructure Experiment

The infrastructure experiment answers the question: In what type of graph topology is the
heuristic most effective? Answering this question is done by evaluating the performance of the
heuristic on four different graph types. The first graph type is the Internet on the level of ASes
based on the CAIDA AS Relationships dataset that was used in previous experiments as well.
The other three graphs are based on real-world infrastructure networks.

When evaluating the performance of the heuristic, its performance on the internet graph is
of primary interest, as the autonomous systems network is the domain that this thesis is aimed
at. However, the heuristic might be useful in other domains as well. To evaluate the usefulness
of the heuristic in other domains, three other graph types are selected for the evaluation of the
heuristic alongside the graph of the AS-level Internet. When choosing additional graphs, many
options are available. We chose to focus on real-world infrastructures because they represent
a domain where custom routes are relevant and useful, much more so than other domains like
social networks, citation networks, or collaboration networks®. Thus, this experiment puts the
heuristic to the test on multiple graphs that are inspired by real-world infrastructures.

Like in the variable score range experiment, the main two questions that this experiment
alms to answer are:

1. What is the optimal trade-off between runtime and quality of results?

2. How close are the results of the heuristic to the globally optimal results?

However, instead of answering these questions for one graph topology and four different
amounts of features and requirements, this experiment uses one amount of features and re-
quirements, and answers the question for four different graph topologies. The experiment is set
up similar to the variable score range experiment, with the limit stage determining the limit
values, and the comparison stage comparing the performance of the heuristic with the results of
globalBFS. Further, similar to the variable score range experiment, each infrastructure graph
type has a large instance and a small instance, where the large instance is used in the limit
stage, and the small instance is used in the comparison stage.

9Note that networks of website connectivity (websites modeled as nodes and a link from website to another
modeled as an edge) are not relevant as well, as calculating a route between two websites that only traverses
websites that adhere to user’s requirements is not a relevant use case, since people don’t use the Internet like
that.
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Parameter Value
Number of total features 100
Minimum number of supported features per node 80
Maximum number of supported features per node 100

Best effort requirements in each path request 1,2, ..., 100
Number of strict requirements in each path request | 0

Number of path requests 100
Runtime threshold 500 ms

Table 5.8: Parameters for the limit stage of the infrastructure experiment.

Parameter Value

Number of total features 100

Minimum number of supported features per AS 80

Maximum number of supported features per AS 100

Best effort requirements in each path request 1,2, ..., 100

Number of strict requirements in each path request | 0

Total number of path requests 200

Number of path requests used in comparison first 100 that finished within timeout
Time per path request for globalBFS 5 minutes

Table 5.9: Parameters of the comparison stage of the infrastructure experiment.

Further, similar to the variable score range experiment, the path requests have no strict
requirements. For the range of features that is distributed over the ASes, the amount is chosen
uniformly between 80 — 100 features, and the path requests request all 100 requirements. The
parameters for the limit stage are summarized in Table 5.8, and the comparison stage parameters
are summarized in Table 5.9.

5.6.1 Graph setup

This experiment uses graphs inspired by the following infrastructures: an autonomous systems
network, a network of city streets, a flight connectivity network, and a village street network.
These infrastructures represent different characteristics, which challenge the heuristic in mul-
tiple ways. The graphs are created using graph generators. These graph generators aim to
create a graph that is structurally similar to a real-world type of infrastructure. The inputs for
the generators are based on the statistics of the dataset of the graph representation of the real-
world infrastructure that the generator replicates. The datasets and the statistics of the graph
types are displayed in Table 5.10. Note that the large AS graph is not made with a generator
but instead it is built using the dataset, as the AS graph dataset results in a connected graph,
which makes it feasible to use in our experiments. The other graph datasets do not result in a
connected graph, making it difficult to calculate paths as some path requests are denied due to
having a start and end in different connected components'®.

5.6.1.1 Autonomous Systems Network

The network of autonomous systems is based on the topology of the Internet on the level
of autonomous systems. Each autonomous system is represented by a node, and a peering
relationships between two ASes is represented by an edge. The large network is built from
the CAIDA AS relationships dataset from 2023-06-01'!. The small network has 500 nodes and
is created using the random_internet_as_graph graph generator'? from NetworkX, which is
based on the AS graph model by Elmokashfi, Kvalbein, and Dovrolis [26].

10While searching for datasets, alternatives that did result in a connected graph could not be found, except
for the AS graph dataset.

Uhttps://publicdata.caida.org/datasets/as-relationships/serial-1/

12Source: https://networkx.org/documentation/stable/reference/generated/networkx.generators.inte
rnet_as_graphs.random_internet_as_graph.html#networkx.generators.internet_as_graphs.random_inter
net_as_graph
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Real-world infrastructure | AS Network | City Streets | Flights | Village Streets
Number of nodes (both) 75,388 4,426 6,827 2,776°
Number of edges (dataset) 501,550 9,626 37,595 3,731
Number of edges (graph) 501,550¢ 8,699 41,196 2,927
Average degree (dataset) 13.31 4.35 11.01 2.69
Average degree (graph) 13.31 3.94 11.98 2.14
Source of dataset CAIDA? Kaggle®, [9] | Kaggle’ | Harvard?, [10]
Average degree difference 13.28 0.82 7.34 1.02

Table 5.10: Statistics of the datasets that provided inputs for the generators. Av-
erage degree difference represents the average absolute difference in degree between
the nodes in the dataset and the generated graph based on that dataset after these
degrees are sorted in descending order.

%The exact amount of nodes of the graph is 4,416.

bThe exact amount of nodes in the graph is 2,732.

¢“The nodes and edges of the graph are the nodes and edges of the dataset. That is why the
number of edges and the average degree is exactly the same.

dThe CATDA AS Relationships Dataset 2023-06-01, from https://publicdata.caida.org/dat
asets/as-relationships/serial-1/

€Source: Manhattan, from https://www.kaggle.com/datasets/crailtap/street-network-o
f-new-york-in-graphml

fSource: https://openflights.org, via https://wwu.kaggle.com/datasets/open-flights/f
light-route-database

9Source: The Apple Valley edgelist from https://dataverse.harvard.edu/file.xhtml?persi
stentId=doi:10.7910/DVN/CUWWYJ/HDWT5G&version=2.0

5.6.1.2 City Streets

The city streets network is rougly approximated by using a 2D grid. A 2D grid is not the same
as the network formed by the streets of a city, but for the purposes of this thesis it is close
enough, especially since the characteristics of the generated 2D grid network are based on the
streets of Manhattan, which is laid out in a way that comes close to a 2D grid'3. The 2D grid
graph consists of a 2D mesh of nodes where the nodes are connected in a grid-like fashion.
The large and small graph of this type are created using the grid_2d_graph generator from
NetworkX'4. The large graph is a grid graph of 64 by 69 nodes, resulting in a grid graph of
4,422 nodes, which approximates the 4,426 nodes in the original dataset. The small graph is a
grid graph of 22 by 23 nodes, resulting in a total of 506 nodes, approximating the target size
of the small graph of 500 nodes.

5.6.1.3 Flights Network

The flights network is based on airline connectivity between airports. Airports are represented
by nodes, and flights between airports are represented by edges. The network is created using
the powerlaw_cluster_graph graph generator from NetworkX'® with as inputs: 6,827 nodes,
and 6 new edges per added node, informed by the statistics of the openflights.com airline con-
nectivity dataset the network is based on'®. The probability of forming a triangle after adding
an edge is set to 0.001. The power law generator is applicable to model airline connectivity as
the degree distribution of flight connectivity graphs tends to follow a power law distribution
[35]. The small graph is created with 500 nodes, the same 6 new edges per added node and the
same value of 0.001 as the probability of forming a triangle after adding an edge.

13We tried to find datasets of city streets networks to use as a graph, but we were unable to find a city
streets network that was connected. The disconnectedness of the networks we did find made them unsuitable for
pathfinding, as some paths are not possible due to the start and end node being located in a different connected
component.

4Source: https://networkx.org/documentation/stable/reference/generated/networkx.generators.latt
ice.grid_2d_graph.html

15Source: https://networkx.org/documentation/stable/reference/generated/networkx.generators.rand
om_graphs.powerlaw_cluster_graph.html#networkx.generators.random_graphs.powerlaw_cluster_graph

16Source: https://openflights.org/, via https://www.kaggle.com/datasets/open-flights/flight-route
—-database.
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Figure 5.7: For each graph type the limits that mazximized improvement of supported best effort
requirements while having an average runtime below 500 ms. Two noteworthy results; First,
note that the flights neighbourLimit is significantly higher than the other neighbourLimits. This
result could be due to the efficient power-law degree distribution and the relatively small graph
size of the flights graph. Second, note that the depthLimit of the willage streets network is
significantly higher than the others. This result could be due to the corridor-like features of the
graph which force the heuristic to find detours of higher length to go around the corridors.

5.6.1.4 Village Streets Network

The village streets network is based on the network of streets in a small town, where streets
are less interconnected. In this case, the degree is lower, as streets are modeled using multiple
edges, instead of one edge. An intersection is one node, then a street consists of a path graph
of 2 or more nodes, and the street ends in another intersection, which is modeled as a node.
This structure decreases the average degree of the village streets network when compared to
the city streets network.

The network is created using a custom generator made by us, which works as follows. Initially
a 2D grid is created. Then, between each pair of nodes of the original grid network, the edge
that connects these nodes is replaced by a path graph of a random length between 2 and 10 hops.
The addition of the path graphs between the intersections creates a network with ‘tunnels’ that
make the heuristic less effective, since there are less opportunities for detours. The large graph
is constructed using an original 2D grid network of 15 by 15 nodes, resulting in 225 nodes in the
grid. The path graph inserts are set to have a length between 2 and 10 hops, which increases
the total number of nodes to 2,732. The small graph is created with an original 2D grid graph
of 10 by 10 nodes, with path graph inserts ranging in length between 1 and 4 hops, which brings
the total number of nodes to 539.

5.6.2 Results

First, the limit stage resulted in runtime and path improvement values displayed in Appendix
E. The boiled down version of these results is the depthLimit and neighbourLimit for which
the path improvement was largest while having an average runtime below the example runtime
limit of 500 ms. These limit values are visualized for each graph type in Figure 5.7.

A surprising result is the high value for the neighbourLimit for the Flights graph type, which
at 30 is significantly higher than the neighbourLimit values for the other graph types. An
explanation for this result can be that the flights network has a relatively small number of nodes
compared to the AS Network, while having a similar degree distribution. This smaller number
of nodes reduces the length that paths can be, and, like we saw in the scalability experiment,
shorter paths mean that the heuristic can do more work in the same amount of time. In this
case it means that the heuristic can consider more neighbours within the time limit than it could
in the AS graph network, which explains the difference between the neighbourLimit values.

Another surprising result is the depthLimit for the village streets network, as this value is
significantly higher than the depthLimit values for the other graph types. This result can be
explained by looking at the structure of the village network. The custom generator created
path graphs between the street intersections of between 2 and 10 hops, creating “meta-streets”
of at most 12 hops. A high depthLimit is needed to find a detour that goes around such a
meta-street.

Second, the results of the comparison stage, which are the differences in score between the
globally optimal path and the heuristic path, are aggregated and displayed in Figure 5.8. The
results show that the heuristic is most effective on the AS graph network, and least effective on

36



AS Graph Network City Network

100 100
90+ 90+
(2] (%]
*g 80+ *g 80+
2 2o] 2 2]
& 501 & 501
£ 401 £ 401
$3 : 3
* 101 * 10
012 3 456 7 8 9101112 012 3 456 7 8 9101112
Score difference Score difference
100 Flights Network 100 Village Network
90+ 90+
2 801 2 801
X 23
& 501 & 501
£ 401 £ 40
3 3
H#* ] H* ]
10 10
o — O
012 3 456 7 8 9101112 012 3 456 7 8 9101112
Score difference Score difference

Figure 5.8: Histogram of difference between the score of the globally best path and the score
of the heuristic path for each graph type for 100 randomized path requests. Note that the per-
formance of the heuristic is least effective on the city network graph, and most effective on the
AS network graph.

the city network. This difference can be explained by looking at the structure of the network.
The AS-level Internet network follows a power-law degree distribution, which keeps the paths
short [21, 54]. The grid graph, however, has a much more constant degree distribution, with
nearly all nodes having a degree of 4. This lower degree impacts the heuristic performance
in multiple ways. First, the low degree reduces the number of detours that can be found,
which reduces the heuristic’s ability to improve the score of the path over the score of the
initial shortest path. Second, a grid layout causes paths between two randomly chosen nodes
to become longer, since these nodes can be far apart and there are no high-degree nodes that
allow quick traversal of large parts of the graph. This absence of high degree nodes increases
the average length of the shortest path, which increases the amount of work that the heuristic
has to do. Consequently, the runtime of the heuristic goes up, which decreases the values of
the limits for which the heuristic still completes on average below 500 ms. Third, due to the
low degree, and the low values for the limits, the search space of the heuristic is small, which
increases the chances that the globally optimal path uses nodes that fall outside of the search
space of the heuristic. These factors influence the results for the city network, causing its scores
to be significantly worse than the scores of the other networks.

Finally, the relative performance of the heuristic compared to the globally optimal path is
displayed in Figure 5.9. The results in percentages confirm the picture painted in the histograms:
the heuristic is least effective on the city network, and most effective on the AS graph network.

5.7 Realistic Scenario Experiment

This final experiment answers the question: How well does the heuristic perform in a realistic
scenario? Answering this question is done by assessing the performance of the heuristic on the
full size AS graph in a more realistic scenario, where the main goal is to show what runtimes can
be expected from the heuristic configured with different sets of limits, along with an overview
of their score compared to the globally optimal score.

The realism of this scenario lies in two elements. First, the experiment takes the example
list of 25 requirements in Appendix B as the source of requirements. This list contains the
four requirements from MANRS, as well as requirements from a related RFC (RFC 2013). The
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Figure 5.9: Average score of the heuristic relative to the globally optimal score. Note that the
city and village fall behind, while the AS graph and Flights graph perform well, with both having
a score that is over 98% of the globally best score.

Parameter Value
Best effort requirements in each path request 1,2,...,25
Number of strict requirements in each path request | 0

Number of path requests in limit stage 100
Number of path requests in comparison stage 200

Minimum number of features supported by an AS 0
Maximum number of features supported by an AS | 25
Heuristic average runtime upper limit None
GlobalBF'S timeout 5 minutes

Table 5.11: Parameters for the Realistic Scenario erperiment.

system in this thesis is not yet adopted in the Internet, but if it were, the set of 25 requirements
in Appendix B would be a reasonable set of requirements to request.

Second, in this experiment there is no lower bound on the number of features that an AS
supports. The absence of a lower bound means that the number of supported features for an
AS is randomly taken from between 0 and 25 according to a uniform distribution instead of
having a minimum of 20 supported features like in previous experiments. The full range of
features makes this experiment more realistic, because in reality ASes will not always support
a certain minimum number of features. Like previous experiments, each path request requests
all the 25 requirements as best effort requirements, while requesting no strict requirements.

The experiment is divided into the limit stage and the comparison stage. In the limit stage
the heuristic satisfies 100 randomized path requests on the full size Internet graph based on
the CAIDA AS Relationships dataset, resulting in boxplots of the runtime of the heuristic
for a number of limits. In this experiment, the example runtime limit of 500 ms will not be
applied. Instead, the comparison stage compares all configurations of the limit stage with the
globally best solution. This comparison is set up similar to previous experiment; both the
heuristic and globalBFS satisfy 200 path requests on a 500-node Internet graph generated by
NetworkX’s random_internet_as_graph graph generator!”, and globalBFS has a timeout of 5
minutes. The results of this comparison stage show the score of the heuristic path compared to
the score of the globally optimal path for the first 100 path requests that global BF'S completed
within the timeout. The parameters of this experiment are summarized in Table 5.11.

5.7.1 Results

The limit stage results, visualized in Figure 5.10, show that many heuristic configurations on
average provide a solution to the NP-hard MPRI problem in less than 20 ms on a full size
Internet graph, and most heuristic configurations have an average runtime below or around 40
ms. These low average runtimes show that the heuristic, in a realistic setup with a reasonable
number of requirements and the full range of supported features, is able to satisfy path requests
swiftly.

The results of the comparison stage, visualized in Figure 5.11, shows that all selected heuristic

7Source: https://networkx.org/documentation/stable/reference/generated/networkx.generators.inte
rnet_as_graphs.random_internet_as_graph.html#networkx.generators.internet_as_graphs.random_inter
net_as_graph
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Figure 5.10: Heuristic runtime boxplots for the Realistic Scenario experiment, as a result of
the limit stage. The dashed gray line denotes a runtime of 40 ms, while the dotted gray line
indicates a runtime of 20 ms. Note that most configurations have an average runtime below or
around 40 ms.

configurations produce paths that on average differ from the globally best solution by only 2
requirements, with the majority of the average differences being less than 1 requirement away
from the globally optimal solution. In terms of percentages, all configurations achieve at least
75% of the globally optimal results, with the majority of the configurations achieving scores
that are more than 90% of the globally optimal results. These high relative scores indicate
that the heuristic performs close to optimal while often having average runtimes below 40 ms.
Thus, in a realistic scenario, the heuristic satisfies path requests quickly while performing close
to optimal in terms of score.

5.8 Summary of Results

The results of the five experiments provide us with the insights needed to answer the five main
questions. These answers summarize the main results.

5.8.1 What is the influence of the number of features and require-
ments on the performance of the heuristic?

The results indicate that a lower number of features and requirements makes the heuristic
faster, which allows it to search a larger search space within a certain amount of time. Thus,
more features and requirements increases the heuristic search space, and less features and
requirements reduces the search space.

However, restricting the search space too much could restrict the heuristic in finding detours
around a bottleneck, causing the effectiveness to slightly degrade because of that. This score de-
gradation suggests that a number of features and requirements that is too low might negatively
impact the performance of the heuristic.

In practice, this result means that graphs where many nodes support little features, or path
requests that request little best effort requirements, can result in slightly worse results produced
by the heuristic. However, in general, if the number of features and requirements is not too
small, then a smaller number of features and requirements tends to improve the effectiveness
of the heuristic.

5.8.2 What is the influence of the ratio between minimum and max-
imum number of features on the performance of the heuristic?

The results show that the exact numbers chosen for the ratio barely affect the performance of
the heuristic, since the limit values are nearly the same. Thus, the ratio of 4:5 can be used
without the risk of significantly influencing the results due to choosing exactly that ratio.
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Figure 5.11: Heuristic runtime violin plots for the Realistic Scenario experiment, as a result
of the comparison stage, with the average heuristic score relative to the globally optimal score
denoted in percentages above each violin plot. The dashed gray line denotes a score difference
of 2, while the dotted gray line indicates a score difference of 1. Average values are denoted
with the blue horizontal marker in the body of each violin plot. Note that most configurations
have an average score difference below 1. Note as well that the widest part of each violin plot
is placed on 0, which indicates that the majority of the score differences is 0. This shows that
the heuristic performs very close to optimal.

5.8.3 How well does the heuristic scale?

The results show that the heuristic scales polynomially in the length of the shortest path on a
grid-based graph. This polynomial scaling could mean that, in the case of a grid-based graph,
the heuristic is most effective in smaller graphs rather than larger graphs. In general, this result
could mean that the heuristic is more effective on graphs where the average shortest path does
not scale much with the size of the network.

5.8.4 On what type of graph topologies is the heuristic most effective?

The results show that the heuristic is most effective on the AS graph network. This result is
good news, as the main focus of the thesis is on routing on the AS-level Internet. Since the
degree distribution of the graph of autonomous systems follows a power law [60], this result
suggests that the heuristic is effective on other graphs where the degree distribution follows
a power law as well. The heuristic performed worse in the city streets network, which was
modeled as a grid graph. This result suggests that the heuristic is less effective on grid-based
graphs.

5.8.5 How well does the heuristic perform in a realistic scenario?

The results show that the heuristic satisfies the majority of the path requests within 40 ms
for many configurations, while satisfying a number of best effort requirements that is close to
optimal. These results indicate that, under realistic circumstances, the heuristic performs well.
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Chapter 6

Discussion

This chapter discusses a number of topics that did not fit in the other chapters. Section 6.1
describes potential alternative pathfinding algorithms to calculate the shortest path. Section
6.2 discusses an idea on how to represent latency within an AS. Section 6.3 discusses how to
incentivize ISPs to provide their information to the Network Information Plane (NIP), and
Section 6.4 explains why a uniform distribution of features was used in the experiments.

6.1 Alternative Pathfinding Algorithms and Why They
Were not Used

The heuristic algorithm starts by finding the shortest path from source to destination. This
first step solves the generic shortest path problem, and there are many algorithms that solve
it in different ways. We chose bidirectional Breadth-First Search (BFS). This section explains
why bidirectional BFS was chosen over alternatives.

The domain for which the heuristic is designed is the Internet on the level of Autonomous
Systems (ASs). That network changes multiple times per day [63], which makes search tech-
niques that require extensive precomputation, like Hub-Labelling [1] which needs precomputed
contraction hierarchies [34], less relevant, as the precomputation needs to be updated multiple
times per day because the graph structure changes. Because of the frequent graph updates,
we preferred uninformed approaches without precomputation over informed approaches that do
require precomputation.

Another approach is heuristic-based search, where a heuristic guides the search in the general
direction of where it should go. Heuristic based search works best in the domain of grid-based
networks, where the nodes and edges are laid out in a regular pattern with every node that
is not on the edge of the networks having the same degree. Euclidean distance, Manhattan
distance or octile distance can then be used as the heuristic that guides the search. However,
the graph of ASes is not a grid-based graph, which makes heuristic-based approaches like A*
[37], HPA* [11], and Jump Point Search [36] less relevant.

For uninformed pathfinding algorithms, we considered BFS, DFS, and Dijkstra. The main
distinction between Dijkstra and the other two algorithms is that Dijkstra uses edge weights
to determine which node to expand next. In theory, our graph can have edge weights in the
form of latency over an edge between two ASes. However, this data is hard to gather as
Internet Service Providers (ISPs) are not keen of sharing latency information as it is quite
business-sensitive information, and latency changes frequently due to congestion. This aversion
to sharing data, along with the frequent changes, makes latency not a useful metric to use as
link weight. Instead, we chose to use hopcount to determine what path is the shortest. In that
case, Dijkstra functions similar to BFS. Since BFS does not have the overhead of sorting its
list of nodes that needs to be explored, we prefer BFS over Dijkstra. Between BFS and DFS,
the choice goes to BFS, as DFS can spend much time exploring a path while it took the ‘wrong
turn’ and missed the destination, while BFS incrementally grows the search space, ensuring
that it does not take more steps than necessary. Finally, to reduce the search space of BFS, we
implemented BFS in a bidirectional fashion.

6.2 Latency Triplets

What is a good way to calculate latency between ASes? For the sake of this discussion, let our
path be AS1-AS2-AS3. Then, an intuitive calculation of latency where only the ”edge latency”
is taken into account would be: latency between AS1 and AS3 = latency between AS1 and AS2
+ latency between AS2 and AS3. However, this treatment does not take into account the fact
that the transferring of a packet from one edge of AS2 to the other edge of AS2 takes time as
well.
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A way to account for the latency within AS2 in the total latency is to define latency between
AS1 and AS3 as: the latency between AS1 and AS2 + the latency between AS2 and AS3 + the
latency within AS2. This triplet of values can account for the total latency in a more complete
way than the intuitive approach does.

The latency triplets approach has its own problems, as not all packets take the same path
through an intermediate AS, but using latency triplets could make latency estimation a bit
more accurate. The latency triplets ended up not being relevant for this thesis, but the idea
was still worth sharing for other people to incorporate in their work, which is why it is included
here.

6.3 Information Completeness

The algorithms described in this thesis can only calculate paths if the model of the network
contains information from the NIP about what features are supported by which AS. The NIP can
only provide that information if the ISPs that manage those ASs provide that information to the
NIP. Thus, the main question is: what incentive do ISPs have to provide network information
to the NIP? We argue that there are three main benefits for an ISP to providing information
to the NIP, which we explain in the following sections.

6.3.1 New Marketing Opportunities

Publicly displaying the features an ISP supports provides a visible way for that ISP to distin-
guish itself from other ISPs that do not support as many features, allowing clear marketing for
new customer groups. The clear marketing consists of communicating to potential users about
which features are supported. Users can then compare the offering of one ISP with the offering
of another ISP and choose the ISP that suits them best. Thus, ISPs that go out of their way to
support certain features now have a meaningful way to communicate their supported features
to potential new users.

6.3.2 New Basis for Peering Relationships

Availability of supported features provides clear metrics that can be used as a new basis to
determine with what networks an ISP wants to enter a peering relationship. An ISP can now
set up a peering relationship with another ISP if they both support a certain set of features,
allowing their users to enjoy network paths that support features they care about.

Further, an anonymized database of path requests from users allows ISPs to analyze what
demands users have from their networks, which can lead to new insights into the types of
services that ISPs can offer. These insights can spark new collaborations between ISPs to form
a constellation of ISPs that together offer routing that supports a shared set of features over a
part of the Internet where many companies and users demand these features. This cooperation
can lead to more customers for the ISPs that join such a constellation, as a high availability of
routes that adhere to the jointly supported features is a great selling point. This collaboration
is enabled by the clear definition of requirements and the availability of information about who
does and does not support these features.

6.3.3 New Basis for Extra Revenue

By providing their information to the NIP, ISPs allow customers to see what features an ISP
supports. The ISP can use this information to justify asking for a higher compensation. This
higher compensation can be clearly linked to the well-defined features that an ISP supports,
resulting in customers understanding what the higher price is based on. On top of that, the
extra peering opportunities and extra customers explained before provide extra revenue as well.
Thus, providing information to the NIP allows ISPs to generate more revenue.

6.4 Distribution of Features

The distribution of features determines how the features are distributed over the nodes in the
graph. In the experiments, a uniform distribution was used, and this section explains why.
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A uniform distribution means that the number of features for each node is a randomly selected
number between the given minimum and maximum, and that number of features is randomly
selected from the total pool of features according to a uniform distribution. This distribution
was chosen to ensure that the distribution of features has the least possible influence on the
results of the heuristic. Other distributions are possible as well. For example, one could map
the number of supported features of each node to the node degree, where a node with a higher
degree supports more features, and a node with low degree supports little features. Or one
could increase the likelihood that a node supports a feature depending on how many of its
neighbours support that feature as well, simulating peering relationships based on supported
features. However, the main disadvantage of these distributions is the way they reduce the
solution space.

If a distribution causes many nodes to support little features, the range that the score of
a path that uses these nodes can take on becomes less. This lower score range means that
the average score of the paths created by the heuristic goes down. However, the average score
of the globally optimal path goes down as well'. Because of this simultaneous decrease, the
difference in score between the globally optimal path and the heuristic path becomes smaller,
which makes it harder to get clear insight into the performance of the heuristic relative to
the globally optimal path. When the solution space is small, differences are less pronounced,
and spotting a trend or surprising differences between graph types or different configurations
becomes harder.

Instead, using a uniform distribution ensures a large solution space, even for low-degree nodes.
This large solution space ensures that the potential difference in score between the heuristic path
and the globally optimal path is large, which facilitates a more clear and accurate evaluation
of the performance of the heuristic.

1This simultaneous decrease is assuming that there is no path around these low-feature nodes, which is, for
example, the case when the start or end node is one of these low-feature nodes.
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Chapter 7

Related Work

Previous work has been done on the subject of converting user requirements into network paths.
This chapter covers that work by introducing several domains, showing what relevant work has
been done in each domain, and examining whether these works solve the problem that this
thesis aims to solve. Section 7.1 discusses Constraint-Based Routing, Section 7.2 covers Intent-
Based Networking, Section 7.3 looks at Scalability, Control, and Isolation On Next-Generation
Networks (SCION), Section 7.4 discusses Path Aware Networking, Section 7.5 gives an overview
of the User Controlled Internet Protocol, and finally Section 7.6 covers Policy Based Routing.

7.1 Constraint-Based Routing

Related work on routing algorithms in the context of networking and user requirements has
mainly focused on routing with constraints, where the goal is to find a route that satisfies
Quality of Service (QoS) constraints! [15, 47, 56, 78] or to find a route that stays within some
constraint while being optimal [20, 27, 38, 48, 53, 67, 68].

These algorithms do not solve the problem of this thesis, because the routing in this thesis
is constrained by qualitative, binary constraints. Such metrics cannot be optimized: one either
complies with the criterion, or one does not. Only after these qualitative metrics are fulfilled,
one can apply the techniques in these papers.

7.2 Intent-Based Networking

The problem of this thesis focuses on finding network paths based on requirements. One way to
find these paths is through intent-based networking. Intent-Based Networking is a framework
that allows users to specify operational goals that the network should fulfill, without having
to understand how the network works [16]. A recent development in this field is the use of
natural language processing (NLP) as a form of input [83]. This form of input can be used to
allow network operators and users to define their goals for the network using natural language.
This information is fed to a system that can recognize the commands, convert the commands
into technical instructions and execute them. An example is Merlin, which converts high-level
instructions in natural language to network management instructions [72]. Merlin does not solve
the problem that this thesis is aimed at, as Merlin is explicitly aimed at network operators, and
requires considerable networking knowledge to use. Additionally, Merlin provides path selection
based on minimum bandwidth, while this thesis aims to support other types of requirements.

Another example of a conversion from natural language to network policies is Lumi, which is a
system that takes natural language commands and converts them into operational instructions
to inspect or change a network [44]. After being confirmed by a human operator, these network
operations are deployed in the network. One of the intermediate steps between the input of
the natural language commands and the output of network operations is converting the natural
language to Network Intent LanguagE (Nile), which is an abstraction layer between natural
language intents and network configuration commands [44]. Nile is similar enough to natural
language to make it human-readable, but structured enough to facilitate automated conversion
to network operations. This combination makes Nile very versatile.

Meijer et al. use Nile as an encoding for network path requirements [58]. They created
a syntax and interpreter to define requirements for a network path. The system by Meijer
et al. works as follows: first a user inserts their requirements in natural language, which are
interpreted by the Rasa chatbot?. These requirements are then converted to a custom path

LQuality of Service (QoS) refers to how network packets are handled (in terms of being prioritized or being
dropped) when too many packets arrive at a router at the same time [5]. The most popular QoS mechanism is
Differentiated Services [8].

’https://rasa.com/docs/rasa/
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requirement syntax designed by Meijer et al., or to Nile?. The path requirements are used to
create a list of network nodes that comply with the requirements, after which a path is found
using Breadth-First Search (BFS) over the subset of selected nodes.

The work by Meijer et al. has some similarities with the work of this thesis. However, the
path requirement selection mechanism in the work of Meijer et al. only includes strict-level
requirements. The work in this thesis improves on that by allowing a user to differentiate
between strict and best effort requirements, and this thesis goes beyond the work by Meijer et
al. by finding the path that satisfies the most possible best effort requirements, while the work
by Meijer et al. does not. This more fine-grained level of control and the maximization of best
effort requirements gives the work in this thesis more flexibility than the approach by Meijer et
al.. Further, Meijer et al. assume the user knows all the information about the network needed
to calculate the path, while this thesis does not require this knowledge. Instead, this thesis
assumes the network information is provided by the Network Information Plane (NIP), which
does not places the burden on the user to provide all the network information.

Bezahaf et al. [7] use Nile as an intermediate step as well. They use Dialogflow* (a natural lan-
guage processing service by Google) to convert natural language to Nile, which is subsequently
converted to API calls to the Open Network Operating System (ONOS) [6], a distributed
Software-Defined Networking (SDN) control platform. The system by Bezahaf et al. is mainly
focused on connecting these services into a working system. While it is an interesting work,
their system requires extensive networking knowledge to operate, just like Merlin and Lumi,
whereas the work in this thesis is aimed at end users who lack the domain-specific knowledge.

Another use of Nile as an intermediate step is P41/0 [70], an SDN approach to Intent-Based
Networking where natural language that expresses network intents is converted to an extended
version of Nile, which is then converted into Programming Protocol-independent Packet Pro-
cessors (P4) code. This approach allows network operators to directly program the data-plane
using natural language instructions. P41/0 does not allow users to generate paths based on
their constraints, thus it does not solve the problem that this thesis focuses on.

7.3 SCION

Scalability, Control, and Isolation On Next-Generation Networks (SCION) is a clean-slate Inter-
net architecture [84] by Zhang et al.. It has security by design and it aims to provide availability
even with active malicious actors present on the network. This summary focuses on SCION’s
approach to routing.

Routing in SCION is done by storing the route that packets take inside the packet. This
packet-stored route is referred to as the Packet Carried Forwarding State (PCFS). The PCFS
allows senders to specify the route via which a packet should travel through the Internet. The
routing in SCION is done on the level of an Autonomous System (AS). ASs are grouped into
logical units, referred to as Isolation Domains (ISDs). This grouping allows routing to be
simplified, as the best path and some backup paths from one ISD to another only have to be
calculated once for all traffic between these two ISDs.

Within each ISD there is a group of ASs referred to as the core. The core is a small group
of trusted ASs. These trusted ASs form the connection between all other ASs. When one AS
wants to route to another AS that is in the same ISD, the path goes from the source AS first
to the core, and from the core the path goes to the destination AS. Thus, the core knows how
to reach all ASs in the ISD, and all ASs in the ISD know how to reach the core.

Routes from and to the core within one ISD are calculated using Path Construction Beacons
(PCB). These PCBs are sent from the core to all ASs in the ISD. Once an AS receives the PCB,
it does three things; first, it selects a number of paths from the core to itself and publishes those
to the path server, a server that is maintained by the ISD core. These paths are the up-segments
(path segment from the AS to the core) and down-segments (path segment from the core to
the AS) for that AS. Second, the AS adds itself to the PCB as the next hop. Third, the AS
forwards the updated PCB to its neighbours. The ASs in an ISD are organized as a Directed
Acyclic Graph (DAG) with the ISD core as the root. This DAG structure ensures that the
PCB packets will eventually reach a leaf ISD, causing the process to terminate.

3The conversion to Nile was added to make the system more generalizable, as Nile is used more often than
the custom syntax by Meijer et al..
4https://dialogflow.cloud.google.com
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Routes between multiple ISDs are calculated by the cores of these ISDs. The cores exchange
routing information and use that to construct routing tables. This process works similar to
Border Gateway Protocol. The scalability is less of an issue as the set of core ASs will be small
(i.e. a few hundred) and remain stable.

When an AS wants to reach another AS, it first selects one of its own up paths. Next, the
source AS queries the path server for down-segments from the core to the destination AS. The
ASs in the core form a clique, so the combination of an up-segment from source to core and a
down-segment from core to destination forms a complete end-to-end path. If the up-segment and
the down-segment have overlap, the packet does not go “up-stream” and “down-stream” over
the overlapping segment (which would make the packet end up on the same node) but instead
the packet skips that overlapping sub-segment and directly takes the down segment towards the
destination. A possible improvement of this scheme could be to use contraction hierarchies [34]
to prevent the situation where two ASs that are close end up in a separate branch of the DAG,
resulting in a relatively long path (from source to the core to the destination) compared to the
(short) path from the source directly to the destination that would be used in a non-SCION
network.

Finally, the authors include the possibility of the end user to choose which of the up-segments
and down-segments is used for the route; next to letting the gateway in an endpoint AS decide
which paths to use, a host can also negotiate with its provider AS about supporting customized
path selection policies. This negotiation could allow some level of controllable routing in the
SCION routing scheme. However, SCION’s routing does not find paths based on user require-
ments, and thus it does not solve the problem that this thesis focuses on. The approach used
in this thesis could, however, be extended to be used in SCION, as SCION still uses ASes as
logical units. The main adjustment that would be needed is path finding, as SCION has its
own approach to that.

7.4 Path Aware Networking

Path-Aware Networking (PAN) is a framework that enables endpoints to receive information
about the paths their data is flowing through, and endpoints can act on that information as
well [76]. This framework gives applications some control over the path that their data uses.
PAN has been implemented in SCION by Davidson et al..

Davidson et al. have used SCION to create a browser extension that allows users to define
via which countries they want their data to flow [19]. Their browser extension allows users to
determine through which geographical areas their traffic is supposed to flow, which also allows
users to define what geographical areas to avoid. This work intersects with the work in this
thesis. However, the path creation is a minor focus in the work by Davidson et al.. They
allow the user the manually block or allow ISDs (groups of ASs), and then the authors leverage
SCION’s built-in path-awareness to find a path. The problem is that the user needs to decide
which ISDs to block, which requires network information that the end user rarely has. The
focus of the authors is the connection of their browser extension to SCION, and in doing so
they do not solve the problem of this thesis. However, a browser extension could be used as a
user interface for the result of this thesis.

Further, Xiang et al. propose a system where ASs expose information about themselves,
which can be used by users to find a policy-compliant route [81]. However, as with the previous
system, the user has to do all the work. Thus, this work does not solve the problem that this
thesis focuses on as well.

7.5 User Controlled Internet Protocol

On the procotol level, User Controlled Internet Protocol (UCIP) describes a protocol that allows
users to exactly define via which route their data flows [49]. The routing in UCIP is done by
Private Source Routing (PSR), which works similar to Source Routing (SoR). The route that is
stored in the packet consists of a list of ASs. Once a packet containing such a list is sent on its
way, each router that receives the packet forwards the packet in the direction of the next domain
on the list. To ensure that this route is not visible to anyone who gets access to the packet, the
identifier (ID) of each location is encrypted with the public key of the location one hop earlier
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in the path. This encryption ensures that each hop can only see the next destination, but no
other destinations, because each hop can only decrypt the identifier of the next hop using its
own private key, but it cannot decrypt the other locations. This system does not require a
key-exchange, as the public keys are available for the source to encrypt the hops with, and the
hops that need to see the address of the next hop can decrypt that hop with their private key.

A problem with PSR is its scalability: The first PSR packet that contains the route also
contains a flow ID, which is used to route subsequent packets of the same flow. Routing
subsequent packets in the flow is done by installing the flow ID into the routing table. By storing
the flow ID in the routing table, the path does not have to be stored in subsequent packets of
that flow, reducing the packet size of these subsequent packets. However, the downside of this
route-by-ID approach is that it requires per-flow state, which does not scale well, especially in
the core network of the Internet.

One could see PSR as SoR with some additional layers of privacy and security. This thesis
focuses on selecting a path, while the actual routing is done via SoR. Thus, UCIP does not
solve the problem that this thesis focuses on.

7.6 Policy Based Routing

Several previous works have focused on routing based on policies. One approach attempts to
find an Internet route for an AS that is most in line with the preferences of the source AS. This
is done by giving each edge a utility score and finding the set of paths that maximizes this score
[31]. This approach does not look into finding the path for which all nodes satisfy the largest
common set of requirements. Instead, this work reduces these preferences to one number that
is assigned to each edge (the utility score). That approach does not solve the Maximum Path
Requirement Intersection (MPRI) problem. Another work focused on assigning preferences to
nodes and finding routes that maximized the total preference [14]. However, here the focus is
not on the maximization of features satisfied by a path, but on visiting the nodes that provide
the highest cumulative score. Thus, that work does not solve the problem of this thesis as well.
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Chapter 8

Conclusions

This thesis addresses the problem of calculating routes based on user requirements. First, the
general problem was defined as finding a path from source to destination that adheres to the
given strict requirements and satisfies as many of the given best effort requirements as possible.
From that general problem, the sub-problem of finding the path that satisfies the most best
effort requirements was labelled the Maximum Path Requirement Intersection (MPRI) problem,
and a proof that MPRI is NP-hard was given.

Two algorithms to solve the general problem were proposed. A heuristic algorithm with
finetuned limits that control the search space, which allows it to find paths in little time, and
an exact algorithm that is guaranteed to find the globally optimal path. The performance of the
heuristic algorithm is evaluated in five experiments, which answer the following five questions.

1. What is the influence of the number of features and requirements on the performance of
the heuristic?

2. What is the influence of the ratio between the minimum and maximum number of features
supported by each AS on the performance of the heuristic?

3. How well does the heuristic scale?
4. On what type of graph topologies is the heuristic most effective?

5. How well does the heuristic perform in a realistic scenario?

The results inform the following main findings. First, a lower number of features and require-
ments makes the heuristic faster, while a higher number of features and requirements makes
it slower. Second, the limit values for the heuristic are almost exactly the same for different
ratios, which tells us that the exact choice for the ratio does not significantly impact the results.
Third, the heuristic scales polynomially in the length of the shortest path, which indicates that
the heuristic is most effective in graph types where the average shortest path does not grow
with the graph size. Fourth, the heuristic is most effective on graphs that have a power-law
degree distribution and least effective on grid-like graphs. Finally, in a realistic scenario the
heuristic runs quickly while performing close to optimal.

8.1 Future work

Future work could look into the following things. First, the format for the path requirements
currently uses a custom JSON format. To make this work connect with other work in the area
of converting user requirements in routing requests, the system could be modified to use the
Nile [44] format. Using Nile enables the embedding of this system into other systems, which
can enable broader applications of the work in this thesis.

Second, future work can look into extending this system to also support non-binary require-
ments. Supporting non-binary requirements allows the system to satisfy more refined path
requests, and allows users to express requirements even when they are not just true or false. A
first step in this direction is the insight that non-binary requirements can be modeled as binary
requirements by introducing a requirement that requires a certain value to be above or below
a threshold.

Third, future work could look into dynamically determining the best limits within a certain
runtime threshold while running. Currently the heuristic utilizes the full search space as de-
termined by the limit values which are given as input parameters. Within that search space
the heuristic then satisfies the path requests, and based on the runtime (or any other metric)
the best limit values are chosen. If instead the heuristic can dynamically determine the best
set of limit values based on a given metric while running, the need to perform the limit stage
operations is removed, which makes the heuristic more versatile and user friendly.
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Fourth, this work can be extended to a system where the best effort requirements have
weights. Currently all best effort requirements are equally important, and the score is equal to
the number of best effort requirements that is satisfied by the path. However, if the best effort
requirements have weights, the score could be the sum of the weights of the satisfied best effort
requirements, and the goal becomes maximizing the total weight (which leads to a optimization
problem similar to the MPRI problem) or to minimize the total weight, which allows the user
to express a ‘penalty’ for using a certain requirement. This extension can lead to new problems
and, hopefully, new solutions.

Fifth, future work could look into precomputing globally optimal paths based on often-used
sets of requirements and storing them in an efficient data structure. These precomputed paths
can be used to satisfy requests even faster. Research has to be done into whether trading runtime
for storage is worth the trade-off, especially since these precomputed paths would need to be
installed on each user’s machine to properly benefit from the faster time, and precomputation
might not be worth it due to frequent changes of the network.

Sixth, future work could look into converting the code of the heuristic to other programming
languages that are more efficient than Python in terms of runtime, such as C++, Rust, or Go.
When doing this conversion, the often-used set intersection operation could possibly also be
improved by using techniques from [3] and [23].

Seventh, future work could focus on making the heuristic work in a parallelized fashion.
Parallelization could be used to improve the performance of the bidirectional BFS algorithm
used to find the initial shortest path. Next to that, parallelization could be used to speed up the
optimization of the path using detours. If the initial shortest path is broken up into segments,
then each of these segments can be optimized independently from each other by calculating
detours for that segment and replacing the segment with the best detour. Once each segment is
optimized, the results can be combined into the best overall path. This does not work directly,
as the set of supported requirements of one segment might not be compatible with the set of
supported requirements of another segment. Thus, some communication between threads is
needed, but this could prove a promising direction for future improvements.

Eighth, future work could look into creating a way to verify whether ASes really support the
features that they claim they do. This is more related to the Network Information Plane (NIP),
but it would be an addition that makes this work more relevant and usable. This verification
could be similar to this MANRS validator (https://github.com/manrs-tools/manrs-valid
ator) or the verification system from the HSTS preload list on https://hstspreload.org, but
then adapted for the features and requirements of autonomous systems in a routing context.
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Appendix A

Pseudocode for all Algorithms in-
troduced in this Thesis

This appendix contains the pseudocode for all the algorithms introduced in this thesis.

For the globalBFS algorithm the following notation is used: vs and v; denote the start node
and end nodes, respectively, S denotes the set of the user’s strict requirements, B denotes the
set of the user’s best effort requirements, F denotes the set of features for each node, P, denotes
the globally best path, and BglobalBestScore denotes the number of best effort requirements
that the globally best path satisfies. The current values are denoted by v., P., and B,., where
B, refers to the set of best effort requirements currently supported by all nodes in the path.
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Algorithm 2 localSearchHeuristic()

Input: G(V, E), pathRequest, limits
Output: path

1: if start or end node does not meet strict requirements then

2 return &

3: > See Algorithm 5 for the definition of bidirectional BFSWithFilter ()

4: path « bidirectionalBFSWithFilter(G, pathRequest.from, pathRequest.to)
5: if |path|= 0 then
6
7
8

> No path could be found
return @
: > If the user has not specified any best effort requirements, there is nothing to optimize, so
we return the shortest path.
9: if |pathRequest.BER| = 0 then
10: return path
11: originalPath < path
12: > Define number of edges that is skipped with the detour.

13: for detourDistance € {2, ..., |originalPath| — 1} do

14: forie {0, ..., |originalPath| — detourDistance — 1} do

15: if originalPath[i] € path A originalPath[i + detourDistance] € path then

16: startIndex <— path.indexOf(originalPath][i])

17: endIndex < path.indexOf(originalPath[i + detourDistance])

18: detourStart + path[startIndex]

19: detourEnd <+ path[endIndex]

20: bottleneck <— path[{startIndex+1,..., endIndex - 1}]

21: > Calculate the set of BER all nodes in the current path satisfy.

22: currentPathBER < pathRequest.BER

23: for node € path do

24: currentPathBER < currentPathBER N node.features

25: > Calculate the set of BER that all nodes in the current path excluding the

bottleneck support

26: bottleneckFreeBER < pathRequest. BER

27: for node € path \ bottleneck do

28: bottleneckFreeBER < bottleneckFreeBER N node.features

29: if |currentPathBER| = |bottleneckFreeBER| then

30: > There is no potential for improvement, since the current bottleneck turns
out to not be a bottleneck

31: Continue

32: > See the definition of findDetours() in Algorithm 3.

33: > [ ] denotes an empty ordered list

34: detours <« findDetours(G, detourStart, detourEnd, pathRequest, path, lim-

its.neighbourLimit, limits.depthLimit, [ ], [ ], bottleneckFreeBER)

35: bestBER < currentPathBER

36: bestDetour < @

37 updatePath < False

38: for detour € detours do

39: potential BER < bottleneckFreeBER

40: for node € detour do

41: potential BER, < potential BER N node.features

42: if |potentialBER| > |bestBER| then

43: bestBER < potential BER

44: bestDetour <— detour

45: updatePath < True

46: if updatePath then

47: path < path[{0, ..., startIndex}] U bestDetour U path[{endIndex, ...,
[path| — 1}]

48: return path
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Algorithm 3 findDetours()

Input: G(V, E), detourStart, detourEnd, pathRequest, path, neighbourLimit, depthLimit,
prefix, postfix, bottleneckFreeBER
Output: detours
1: if depthLimit = 0 then
2 return @
3: detours < @
4: startNeighbours < neighbours(detourStart) \ path \ prefix \ postfix
5
6
7

: endNeighbours < neighbours(detourEnd) \ path \ prefix \ postfix
: > See Algorithm 4 for the definition of limitNeighbours().
. startNeighbours < limitNeighbours(G, startNeighbours, neighbourLimit, bottleneckFree-
BER)
8: endNeighbours <« limitNeighbours(G, endNeighbours, neighbourLimit, bottleneckFree-
BER)
9: sharedNeighbours <« startNeighbours N endNeighbours
10: for n € sharedNeighbours do
11: if n fulfills strict requirements then
12: detours <— detours U { [prefix U n U postfix] }
13: for s € startNeighbours do
14: for e € endNeighbours do

15: if s and e fulfill the strict requirements then

16: if s # e A |{s, e} N (path U prefix U postfix)| = 0 then

17: > Add the case where the two neighbours are connected with a link. These
two connected neighbours also form a detour.

18: if (s, e) € E then

19: detours «+ detours U { [prefix U s U e U postfix] }

20: prefix « [prefix U g]

21: postfix < [e U postfix]

22: detours + detours U findDetours(G, s, e, pathRequest, path, neighbourLimit,

depthLimit — 1, prefix, postfix)
23: return detours

Algorithm 4 limitNeighbours()

Input: G(V, E), neigbours, neighbourLimit, bottleneckFreeBER
Output: neighbours
1: sortedNeighbours < list of neighbours sorted on descending score, where score is the size of
the intersection of the neighbours’ features and the set of best effort requirements supported
by the path thus far
if |sortedNeighbours| < neighbourLimit then
return sortedNeighbours
else
> Select the [neighbourLimit] neighbours with the highest score
sortedNeighbours < sortedNeighbours[{0, ..., neighbourLimit — 1}]
return sortedNeighbours
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Algorithm 5 bidirectional BFSWithFilter()

Input: G(V, E), pathRequest
Output: path

10:
11:
12:
13:
14:
15:

1
2
3
4:
5:
6
7
8
9

: > See Algorithm 6 for the definition of findPred AndSucc()
. pred, suce, currentNode = findPred AndSucc(G, pathRequest)
. if pred = @ A succ = J A currentNode = @ then
return @
path « []
: while currentNode # @ do
path < path U {currentNode}
: currentNode « pred[currentNode]
: path + path.reverse()
> path[—1] denotes the last element of the path
currentNode <+ succ[path[—1]]
while currentNode # @ do:
path + path U {currentNode}
currentNode <« succ[currentNode]
return path
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Algorithm 6 findPredAndSucc()

Input: G(V, E), pathRequest

Output pred, succ, meetupNode

source < pathRequest.as_source

target <— pathRequest.as_destination

if target == source then
return ({target: @}, {source: &}, source)

> The pred and succ data structures are dictionaries that map nodes to their predecessor

or SuCCcessor

pred + {source: @}

succ + {target: &}

forwardVisited < @ U { source }

reverseVisited < & U { target }

10: > While loop cancels when both the forward and the reverse search have no unexplored
nodes left. If no explored nodes are left, there is no path.

11: while [forwardVisited|> 0 and |reverseVistited|> 0 do

12: if |forwardVisited|<| reverseVisited| then

13: thisLevel < forwardVisited

14: forwardVisited < | ]

15: for currentNode € thisLevel do

16: if currentNode fulfills strict requirements then

17: for neighbour € neighbours[currentNode] do

18: if neighbour fulfills strict requirements then
19: if neighbour ¢ pred then

20: forwardVisited <— forwardVisited U { neighbour }
21: pred[neighbour| +— currentNode

22: if neighbour € succ then

23: > We found a path, return

24: return pred, succ, neighbour

25: else

26: thisLevel < reverseVisited

27: reverseVisited < [ ]

28: for currentNode € thisLevel do

29: if currentNode fulfills strict requirements then

30: for neighbour € neighbours[currentNode] do

31: if neighbour fulfills strict requirements then
32: if neighbour ¢ succ then

33: reverseVisited < reverseVisited U { neighbour }
34: succ[neighbour] < currentNode

35: if neighbour € pred then

36: > Again: We found a path, return

37: return pred, succ, neighbour

38: > If we reach this line, no path exists in the graph
39: return &, J,
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Algorithm 7 globalBFS()

Input: G(V, E), vs, v, S, B, F
Output: P,, BglobalBestScore
1: if start or end node does not satisfy strict requirements then

2: return g, —1
3: BglobalBestScore - —1
4: Py <+ [] > [ ] denotes an empty list
5: > Store intermediate results in FIFO queue
6: Q <+ FIFO Queue
7 Q%QU{U& []’B})
8: while Q is not empty do
9: {ve, Py, Bp} < Q.dequeue()
10: > Update path variables
11: P+ P,U{v.}
12: B, + B, N F(v.)
13: if | B. |< BglobalBestScore then
14: > We cannot become better than the current best score, so we stop the search
15: continue
16: > If we arrived, store result and exit
17: if v. == v; then
18: if | Bc |> BglobalBestScore then
19: BglobalBestSCore «| B, |
20: P, + P,
21: > Stop exploring after finding the end node
22: continue
23: for v; € neighbours(v. do
24: if v; ¢ P. Av; satisfies the strict requirements then

25: Q < Q U{via PC> Bc}
26: return P,, BglobalBestSCore
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Appendix B

Example Table of Requirements

Table B.1 enumerates a number of security requirements, taken from [25] and [50]. This table
is not complete. It serves as a showcase of the format that can be used to enumerate the
requirements such that they may be referred to with only an integer to identify them. Further
security requirements can be seen in [46], and privacy requirements can be seen in [18] and [22].
Future work can focus on incorporating these requirements into a publicly accessible database
with a robust identification system that allows referencing these requirements via an integer,
string, or other form of identification.
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ID

Name

Source

10

11

12

13

14

15

ISPs should prevent propagation of incorrect routing information
by checking the validity of their customers’ BGP announcements.
ISPs should filter outbound traffic with spoofed source IP and run
the CAIDA Spoofer software [55] to prevent DDoS attack traffic
from being originated from the participant’s network.

ISPs should maintain up-to-date network contact information in
IRR databases or PeeringDB

Register intended BGP announcements in IRR or (preferrably)
RPKI.

ISPs have a duty to make sure that their contact information, in
Whois, in routing registries [RFC1786] or in any other repository,
is complete, accurate and reachable.

ISPs SHOULD adhere to [RFC2142], which defines the mailbox
SECURITY for network security issues, ABUSE for issues relating
to inappropriate public behaviour and NOC for issues relating to
network infrastructure.

ISPs SHOULD have clear policies and procedures on the sharing
of information about a security incident with their customers, with
other ISPs, with Incident Response Teams, with law enforcement
or with the press and general public.

ISPs should have processes in place to deal with security incidents
that traverse the boundaries between them and other ISPs.

ISPs SHOULD be proactive in notifying customers of security
vulnerabilities in the services they provide.

As new vulnerabilities in systems and software are discovered,
ISPs should indicate whether their services are threatened by these
risks.

When security incidents occur that affect components of an ISP’s
infrastructure the ISP should promptly report to their customers
who is coordinating response to the incident, the vulnerability,
how service was affected, what is being done to respond to the
incident, whether customer data may have been compromised,
what is being done to eliminate the vulnerability, the expected
schedule for response, assuming it can be predicted

ISPs should have a well-advertised way to receive and handle re-
ported incidents from their customers.

Every ISP SHOULD have an Appropriate Use Policy (AUP). An
AUP should clearly identify what customers shall and shall not
do on the various components of a system or network, including
the type of traffic allowed on the networks. The AUP should be
as explicit as possible to avoid ambiguity or misunderstanding.
In addition to communicating their AUP to their customers ISPs
should publish their policy in a public place such as their web site
so that the community can be aware of what the ISP considers
appropriate and can know what action to expect in the event of
inappropriate behaviour.

An AUP should be clear in stating what sanctions will be enforced
in the event of inappropriate behaviour.
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ID

Name

Source

16

17

18

19

20

21

22

23

24

25

ISPs should publicly register the address space that they assign to
their customers so that there is more specific contact information
for the delegated space.

ISPs should ensure that the registry information that they main-
tain can only be updated using strong authentication

BGP authentication [RFC2385] SHOULD be used with routing
peers.

At the boundary router with each of their customers ISPs should
proactively filter all traffic coming from the customer that has a
source address of something other than the addresses that have
been assigned to that customer.

At the boundary router with each of their customers ISPs should
proactively filter all traffic going to the customer that has a source
address of any of the addresses that have been assigned to that
customer.

ISPs should filter the routing announcements they hear, for ex-
ample to ignore routes to addresses allocated for private Inter-
nets, to avoid bogus routes and to implement “BGP Route Flap
Dampening” [RFC2439] and aggregation policy.

Mail, news, webhosting, and other services, should be kept on
separate systems to facilitate better security

ISPs should prevent their mail infrastructure from being used by
‘spammers’ to inject Unsolicited Bulk E-mail (UBE) while hiding
the sender’s identity [RFC2505]. While not all preventive steps
are appropriate for every site, the most effective site-appropriate
methods should be used.

ISPs should prevent their mail infrastructure from being used by
‘spammers’ to inject Unsolicited Bulk E-mail (UBE) while hiding
the sender’s identity [RFC2505]. While not all preventive steps
are appropriate for every site, the most effective site-appropriate
methods should be used.

Message submissions should be authenticated using the AUTH
SMTP service extension as described in the “SMTP Service Ex-
tension for Authentication” [RFC2554].

RFC3013

RFC3013

RFC3013

RFC3013

RFC3013

RFC3013

RFC3013

RFC3013

RFC3013

RFC3013
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Appendix C

Variable Score Range Experiment
Filter Stage Figures

This appendix contains the limit stage runtime boxplots that show the range of runtimes and
their average relative to the example runtime limit of 500 ms, along with the average score
improvement for each set of limits. The best set of limits is the set of limits that maximizes
the average score improvement while having a runtime strictly below 500 ms.

Boxplots of runtimes and plot of average path improvement for the 4 - 5 feature range
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Figure C.1: Plot with runtime boxplots and average score improvement data. The rightmost
boxplot is cut off to keep the other boxplots readable, but the boxplot is included to show that
[4,4] is not a viable option given our selection criterion. Note that [3,6] is the best set of limits.

Boxplots of runtimes and plot of average path improvement for the 20 - 25 feature range
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Figure C.2: Plot with runtime boxplots and average score improvement data. Note that [2,13]
until [2,17] are equally good sets of limits. We chose [2,15] here since it is in the middle, but
any of these other limit sets would work as well.
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Boxplots of runtimes and plot of average path improvement for the 80 - 100 feature range
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Figure C.3: Plot with runtime boxplots and average score improvement data. Although it is
hard to see, the average score improvement of [2, 8] is 5.55, which is slightly higher than the

average score improvement of [3, 8] which is 5.25. Thus, [2, 8] is chosen here.

Boxplots of runtimes and plot of average path improvement for the 400 - 500 feature range

{ —— avg score improvement (right axis)
{ 4 average runtime
4 500 ms
A A
A
...................................................... A e e e e —
A ‘ -
[2,1] [2,2] [2,3] [2,4] [2,5] [3,1] [3,2]

[depthLimit, neighbourLimit]

Figure C.4: Plot with runtime bozplots and average score improvement data. Note that [2,3]

is the best set of limits here.
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Appendix D

Ratio Experiment Filter Stage Fig-
ures

This appendix contains the tables with the runtime and average score improvement data that
was used to evaluate the impact of different ratios between minimum number of features and
maximum number of features. As the figures show, the set of limits for which the average path
improvement is maximal while having an average runtime below 500 ms is very similar for each
ratio.

Boxplots of runtimes and plot of average path improvement for the 2:3 feature ratio
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Figure D.1: Plot with runtime boxplots and average score improvement data. Note that [2,10]
is the best set of limits.

Boxplots of runtimes and plot of average path improvement for the 3:4 feature ratio
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Figure D.2: Plot with runtime boxplots and average score improvement data. Note that [2,9]
is the best set of limits.
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Boxplots of runtimes and plot of average

path improvement for the 4:5 feature ratio

—— avg score improvement (right axis)
4 average runtime
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Figure D.3: Plot with runtime boxplots and average score improvement data. Note that [2,8]

is the best set of limits.

Boxplots of runtimes and plot of average

path improvement for the 5:6 feature ratio
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[depthLimit, neighbourLimit]

Figure D.j: Plot with runtime boxplots and average score improvement data. Note that [2,9]

is the best set of limits.
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Appendix E

Infrastructure Experiment Filter
Stage Figures

This appendix contains the limit stage runtime boxplots that show the range of runtimes and
their average relative to the example runtime limit of 500 ms, along with the average score
improvement for each set of limits. The best set of limits is the set of limits that maximizes
the average score improvement while having a runtime strictly below 500 ms.

4000 Boxplots of runtimes and plot of average path improvement for AS graph

3750 avg score improvement (right axis)
3500 4 average runtime
3250 500 ms
33000 e
S 2750
o
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= 2250
. 2000
E1750
o 1500
71250
S 1000
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250 A 2 A

4 e 4 4 ye A A

I T LI Yo IR XC) WP W S U 1 U - S W+ G - WU e 5 P W W 2 G S W S UL W Y
IR 0 80 e el a®al o \,L,\} 3ol e e e’

O W& -7’\

[depthLimit, neighbourLimit]

Figure E.1: Plot with runtime boxplots and average score improvement data. Note that the
average runtime of [3,3] was exactly 500 ms, while the criteria was that the average runtime
was below 500 ms. That is why [2,8] was chosen instead.

Boxplots of runtimes and plot of average path improvement for city graph

4000 4.
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Figure E.2: Plot with runtime boxplots and average score improvement data. Here the average
runtime of [3,2] is just above the 500 ms runtime threshold, which is why [2,3] is chosen as the
best set of limits.
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Boxplots of runtimes and plot of average path improvement for flights graph
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Figure E.3: Plot with runtime boxplots and average score improvement data. Note that [2,30]
is the best set of limits.

Boxplots of runtimes and plot of average path improvement for village graph
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Figure E.4: Plot with runtime boxplots and average score improvement data. The neigh-

bourlimit is set to 3 since that is the most neighbours (that are not in the path already) that a
node can consider in the village graph, since the mazximum degree is 4. Instead, the real im-
provement here comes from the depthLimit, which, in consequence, is significantly higher than
on the other maps. In the end [14,3] is chosen as the best set of limits.
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