University of Nevada, Reno

Probabilistic Trans-Algorithmic Search

A dissertation submitted in partial fulfillment of the
requirements for the degree of Doctor of Philosophy in

Computer Science and Engineering

by

Bilal Gonen

Dr. Murat Yuksel
Dissertation Advisor

August, 2011



@ THE GRADUATE SCHOOL

University of Nevada, Reno
tatewide - Worldwide

We recommend that the dissertation
prepared under our supervision by

BILAL GONEN
entitled
Probabilistic Trans-Algorithmic Search

be accepted in partial fulfillment of the
requirements for the degree of

DOCTOR OF PHILOSOPHY
Murat Yuksel, Ph.D., Advisor
Bobby Bryant, Ph.D., Committee Member
Sushil Louis, Ph.D., Committee Member
Mehmet H. Gunes, Ph.D., Committee Member
M. Sami Fadali, Ph.D., Graduate School Representative

Marsha H. Read, Ph. D., Associate Dean, Graduate School

August, 2011




Probabilistic Trans-Algorithmic Search
Bilal Gonen
University of Nevada, Reno, 2011

Advisor: Murat Yuksel

Abstract

Online configuration of large-scale systems such as networks requires parameter op-
timization within a limited amount of time. This time limit is even more pressing
when configuration is needed as a recovery response to a failure in the system. To
quickly configure such systems in an online manner, we propose a Probabilistic Trans-
Algorithmic Search (PTAS) framework which leverages multiple optimization search
algorithms in an iterative manner. PTAS applies a search algorithm to determine how
to best distribute available experiment budget among multiple optimization search
algorithms. It allocates an experiment budget to each available search algorithm
and observes its performance on the system-at-hand. PTAS then reallocates the ex-
periment budget for the next round proportional to each algorithm’s performance
relative to the rest of the algorithms. This “roulette wheel” principle favors the more
successful algorithm in the next round. Following each round, the PTAS framework
“transfers” the best result(s) among the individual algorithms, making our framework
a “trans-algorithmic” one. PTAS thus aims to systematize how to “search for the

best search”. We show the performance of PTAS on well-known benchmark objective



ii
functions including scenarios where the objective function changes in the middle of
the optimization process. To illustrate applicability of our framework to automated
network management, we apply PTAS on the problem of optimizing link weights of an
intra-domain routing protocol on three different topologies obtained from the Rocket-
fuel dataset. We also apply PTAS on the problem of optimizing aggregate throughput
of a wireless ad hoc network by tuning data rates of traffic sources. We compared the
experimental results of PTAS against other three well-known search algorithms, i.e.,
Random Recursive Search, Simulated Annealing, and Genetic Algorithm. We observe
that PTAS outperforms other three search algorithms in the majority of experiments.
Especially, when the network system at-hand is very dynamic with factors, such as
link failures and link recovery, PTAS performs better, and adapts to the new system

more quickly due to its hybrid nature.
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Chapter 1

Introduction

Although there have been several tools and outcomes [58] from research on large-scale
network management, network operators have found themselves more comfortable
with trusting highly-experienced well-trained human administrators. However, the
complexity of the management and configuration problem is increasing due to the
increasing heterogeneity in substrate technologies as well as applications’ demand
for more stringent performance targets. Thus, tools to achieve automated ways of
managing a running network are vitally needed. In this dissertation, we present a
new black-box optimization algorithm for automated management and configuration
of networks.

Global optimization is a commonly used technique for close-to-optimal config-
uration of systems, minimization of cost [47] or maximization of benefit [32]. One
method of global optimization is known as “black-box” optimization, which considers
the problem-at-hand as a black box and searches for the optimal parameter setting
yielding the best (i.e., minimum or maximum) output metric value. Figure 1.1 il-

lustrates the black-box optimization approach to problem solving. As the black-box



Optimization Algorithm

(e.g. RRS)
Problem-Independent
Problem-Specific
Metric for
Parameter vector to Black-Box the selected
—-
select a sample System sample

Figure 1.1: Black-box optimization framework: Content of the black-box is problem-
specific whilst the optimization algorithm can be generic.

optimization is generic, the domain of applicable problems is vast as long as the output
response of the problem system can be mapped to a single metric. The price of being
generic and problem-independent comes typically as lack of optimality guarantees in
the solution. Problem-specific methods like approximation algorithms [54], dynamic
programming [48] or divide-and-conquer [12] are more successful in providing guaran-
tees approaching the global optimum. However, these problem-specific methods may
take a long time to find a solution and typically require the whole search process to
complete for a solution. Most real-time systems, such as an ISP network, require pa-
rameter optimization within a limited amount of time, e.g., in response to a network
failure. Thus, the optimum solution may not be reachable for the real system-at-hand
within the limited time budget.

Black-box optimization algorithms must search for the optimal solution by ex-
ploring and then exploiting the response surface of the system. Exploration searches
for new uncertain outcome taking risk. Exploitation refines of current outcome that is
already known. Exploitation is usually a short-time process with immediate, certain
benefits [6]. A critical design issue is to balance the amount of time spent on explo-

ration and exploitation. Various black-box optimization search algorithms have been
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designed with different balancing of this tradeoff, e.g., Hill Climbing [13], Simulated

Annealing [28], Genetic Algorithms [18], or Random Search [61]. Some of the search
algorithms may perform better than others on the same black-box problem depending
on the response surface.

Automating a network’s management and configuration can be quite difficult
since reconfiguration of the entire network may be needed upon a major failure.
Two critical aspects of the problem are: (i) network failures must be handled very
quickly and (ii) the network’s optimal configuration can be quite different than the
prior ones as the failures can cause a significant change in the network’s behavior
(i.e., a major change in system response). To achieve fast and adaptive network
system configuration, we propose a Probabilistic Trans-Algorithmic Search (PTAS)
framework which leverages multiple search algorithms in an iterative manner. PTAS
allocates experiment budget (i.e., the number of experiments an algorithm can make
to optimize the black-box system) to each available search algorithm and observes
the success in resolving the problem. Depending on their successes, PTAS reallocates
the experiment budget for the next round. We make this reallocation based on a
roulette wheel approach [24] favoring the more successful algorithm in the next round.
Following each round, the PTAS framework allows “transfer” of best results among
the algorithms being used, which makes it a “trans-algorithmic” one.

The PTAS framework can automatically determine the best set of algorithms
for the problem-at-hand. It is also adaptive to changes in the system behavior. This
feature is especially useful for systems involving unexpected failures causing the re-
sponse behavior to change, e.g., router or link failures in a network. We implement
our hybrid search framework, by using three search algorithms, i.e., Recursive Ran-

dom Search (RRS) [56], Simulated Annealing [28] (SA), and Genetic Algorithm [18]
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(GA). We show that PTAS can outperform any of the search algorithms on well-known

benchmark objective functions. We also experiment with changing the objective func-
tion in the middle of the optimization process and show that PTAS outperforms a
singleton algorithm more pronouncedly.

We apply PTAS on the problem of interior gateway protocol (IGP) link weights
optimization on a realistic ISP topology. The framework includes two cycles: opti-
mization cycle and deployment cycle. The deployment cycle takes place at a time
scale where it is possible to configure a new set of parameters in the real network
system. The optimization cycle iterates through a model of the system, for which we
used a network simulator, and attempts to find the best possible set of parameters
to configure during the next occurrence of the deployment cycle. In that sense, the
frequency of the deployment cycle is smaller than the optimization cycle. The under-
lying assumption in this approach is that the system-at-hand does not significantly
change during at least one deployment cycle. This assumption is generally true for
networks with many fixed components such as backbone networks or wireless mesh
networks. We show that PTAS successfully finds intra-domain routing configuration
providing better throughput.

In order to compare our PTAS algorithm with other three individual search
algorithms, we run experiments on NS-2 network simulator [2] to optimize wireless
ad hoc network by tuning data rates of traffic sources. The results are also promising.
Because of its hybrid nature, PTAS found either the best or the second best results

in most of the cases.



1.1 Contributions

In this dissertation, our contributions can be classified as follows;

e There are several algorithms tackling black-box problems, and some of these
algorithms are hybrid algorithms comprised of multiple algorithms. To the
best of our knowledge, our work is the only hybrid algorithm tackling black-
box problem that includes an adaptive budget allocator system. Our PTAS
framework presents a new approach in using a search algorithm to balance
the experiment budget among multiple algorithms. We show how to hybridize
three search algorithms with different characteristics such that some are good
in exploration (Recursive Random Search [56] and Genetic Algorithm [18])

and others are good in exploitation (Simulated Annealing [28]).

e We apply PTAS and three other search algorithms on six well-known objective
functions, and run a number of experiments by using different prime numbers
as the seed for random number generators. PTAS outperforms the other three

algorithms on average.

e We apply a version of PTAS with a separate model to a network problem on a
realistic ISP topology, and show that PTAS not only increases the throughput
considerably, but also outperforms other three search algorithms in most of the

cases.

e We compare PTAS with the three search algorithms when the network system
at-hand is very dynamic with factors, such as link failures and link recovery.
PTAS performs better, and adapts to the new system more quickly due to its

hybrid nature.



1.2 Dissertation Organization

This dissertation is organized as follows: Chapter 2 reviews relevant work in the
literature. It covers some major works on optimization and system modeling. It cov-
ers relevant papers on optimization by tuning the parameters of a running system.
Since we compared the performance of PTAS with other algorithms on network man-
agement problems, we also cover some relevant work on network management and
configuration. Finally, we survey papers on the optimization and management of ad
hoc wireless networks.

Chapter 3 details the PTAS framework. It compares the performance of the
PTAS with three other algorithms, namely Recursive Random Search [56], Simulated
Annealing [28], and Genetic Algorithm [18], on some benchmark objective functions.
To compare the performance of PTAS with the three algorithms when the system is
dynamic, we use a number of the objective functions as benchmarks. To mimic small
changes in the system, sometime during the search, we shift the objective function
by adding some constant value so that the objective function’s response surface is
moved with a constant distance. To mimic drastic changes in the system, i.e., some
core links fail, we substantially change the objective function while the optimization
search is going on. We show how adaptive the PTAS is against such small or drastic
changes.

Chapter 4 discusses the experimental results of PTAS. In this chapter, we apply
PTAS for online optimization of a running network. To perform the online network
optimization, we follow two different approaches: Separate System Model and No
System Model. We explain the two approaches, and then we explain the experimental

environment and details of the network simulator in Section 4.1. In Section 4.2,
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we discuss the experiment results of PTAS with separate system model on two well-

known network problems; (i) problem of interior gateway protocol (IGP) link weights
optimization on realistic ISP topologies (ii) optimization of ad hoc wireless networks
by tuning the data rates of traffic sources. Section 4.3 discusses the experiment results
of PTAS with no system model on a real-time running interior gateway protocol (IGP)
link weights optimization problem. To make the network system sufficiently dynamic,
we fail and recover some links in the network, and we evaluate and compare the results
of experiments.

Finally, we summarize our work and give our ideas about future directions in

Chapter 5.



Chapter 2

Related Work

This chapter reviews the literature related to our work. In this chapter, we categorize

the related work into four main groups:

System Modeling and Optimization

Optimization by Setting Parameters

Network Management and Configuration

Optimization of Ad Hoc Wireless Networks

2.1 System Modeling and Optimization

System modeling and optimization have been very fruitful fields of research resulting
in significant advances in science and engineering. Numerous methods have been
developed to tackle hard optimization problems in practical systems as well as to
model them. Several ways of classifying optimization techniques exist, such as global

versus local, discrete versus continuous, empirical versus non-empirical, partial versus
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complete. In the discrete optimization, variables used in the objective function are
assumed to be integer numbers, whereas in the continuous optimization, variables
used in the objective function can be real numbers. Global optimization is a technique
trying to find the global optimum sample in the search space. Local optimization tries
to find a local optimum, and there is no guarantee to get the global optimum by using
this technique. Finding the global optimum is more challenging than finding a local
optimum sample.

Empirical optimization technique is based on empirical search on the objec-
tive function. This empirical search depends on trials and errors experience. Non-
empirical optimization is based on deductive reasoning. Deductive reasoning is a
method to reach a conclusion from a set of premises. A common example; “All men
are mortal. Socrates is a man. Therefore, Socrates is mortal”.

From a systems management perspective, optimization means to determine
the area of the parameter space which gives the “best” performance response. In
terms of being complete or partial solutions, techniques like Exhaustive Search, Lo-
cal Search [41], and Linear Programming [15] belong to the former group, and give
useful, though sub-optimal results, even though the solution process is interrupted.
There are several well-known techniques belonging to the latter group, such as greedy
algorithms, divide-and-conquer strategies, Dynamic Programming [10] and A* algo-
rithms [37].

Divide-and-conquer strategies are very commonly used in the cases where split-
ting and merging the main problem is less costly than solving the main problem itself.
Dynamic programming is a more enhanced version of greedy techniques in that it em-
ploys a forward-and-backward evaluation of the candidate solutions instead of just

their forward evaluation. Dynamic Programming techniques guarantee a global so-
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lution while greedy techniques cannot. However, greedy techniques are more generic

while Dynamic Programming is more problem-specific, because it requires the cre-
ation of solution stages.

Greedy techniques fail to guarantee globally optimum solution. The main
reason is the fact that a series of greedy selections step may simply not be the overall
optimum. To avoid such cases, A* algorithms employ an evaluation function (for
the greedy step) that gives more information about the real value of the possible
selections. Even though A* algorithms guarantee reaching the global solution, they
typically require leveraging of problem-specific information in order to define the
heuristic for greedy steps.

A large set of techniques for complete solutions is the class of evolutionary
algorithms [9] or heuristic search algorithms, which we consider in contrast to approx-
imation algorithms [54] for NP-hard problems. Given specific NP-Hard optimization
problems, one can design approximation algorithms guaranteed to reach an approx-
imate solution within a pre-defined error from the best solution in polynomial time.
Randomized algorithms [38] probabilistically reach the pre-defined error bound in
polynomial time. In contrast, heuristic search algorithms do not provide such error
bounds or polynomial time bounds, but are applicable to a wide variety of problems
and provide attractive performance in practice. Through this competitive selection
and random variation (i.e. genetic relationship) process, the society of fellow solutions
become better, and eventually include the best solution. Simulated Annealing [28],
Genetic Algorithms [18] as well as several other heuristic algorithms working on
complete solutions can be thought of special cases of the general class of evolutionary
algorithms. Continuous optimization problems also leverage hybrid methods such

as combination of gradient search methods with evolutionary techniques to achieve
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faster convergence [21].

System optimization is a vast field with a significant body of prior work. There
have been many studies exploring methods for system optimization, of which many
have been applied to real-world problems. However, not all of these techniques are
suitable for online optimization. The most common design approach of these tech-
niques is to be greedy and exploitive, e.g., steepest descent or Newton’s gradient
methods [33]. Most real-world applications of online optimization have dealt with
software or web systems with a passive and sample-based approach [20] to model the
recent behavior of the system at hand.

Boutilier et al. [11] present a new framework for a banner advertising auction.
They describe a general model of expressive ad contracts and rerun the channel al-
location mechanism periodically. Similarly to our work, they also use an allocation
model which is executed in real time.

Diao et al. [14] introduced a framework including several algorithms. They
apply it to a running system to reconfigure it by setting the parameters. They also
apply their framework to black-box problems without prior knowledge about the
system being optimized. In this paper, the authors show that they can optimize a
running database system for e-commerce applications with respect to the system’s
response time. In common with our work, they also propose a generic approach to
automating the optimizing configuration parameters task. By generic, we mean that
the approach is relatively independent of the target system for which the optimization
is done. Unlike our approach, they handle interdependencies between the configura-
tion parameters. In our work, however, we assume that the system is completely
black-box, and there is no prior knowledge of whether there is any interdependency

between the configuration parameters.



12
In their paper [34], Liu et al. introduce a method to maximize profits in an

e-commerce environment. When creating their model, the output metric they use is
revenue. This revenue is based on the Quality-of-Service (QoS) criterias of Service-
Level Agreements. When creating the cost model, they check to see if Quality-
of-Service (QoS) guarantees are satisfied or not. This paper also differs from our
approach since they require a detailed knowledge of the system being optimized.

In their work, Menasce et al. [36] describe a system that performs on-line
optimization of a web server by using hill climbing techniques. We did not use hill
climbing in our PTAS framework, but we used a simulated annealing search algorithm,
which is similar to hill climbing algorithm. Another similarity is that they also search
for the best combination of configuration parameters as we do. Their approach is
different from our approach because their approach requires a detailed knowledge of
the system being optimized in order to construct the queuing models.

Similarly, Rao et al. [44] and Lohman et al. [35] applied apriori system knowl-
edge to automate configuration of databases in an online manner. These approaches
are essentially different than ours as they require some prior knowledge of the tar-
get system being optimized and follow a white-box approach, whereas our two-phase
approach requires no prior knowledge of the system and strictly follows a black-box
approach to allow solving general problems.

Tronci et al. [52] eliminate some of the experts first to determine which experts
to pick. In contrast, in our work, we always use three algorithms for hybridization,
with varying percentile in each round. In their work, they present an experimental
analysis to evaluate the correlation between the combination methods and perfor-
mance measures. They also show the behavior of the combination methods in terms

of different measures.
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2.2 Optimization by Setting Parameters

In many cases, complex real systems have large parameter ranges which generally
causes combinatorial explosion in the number of their possible metric outcomes. The
challenge is to search through such large parameter spaces with minimal trials to get
maximal information about the global solutions. Several realistic systems, such as
network protocols in the Internet, can easily have parameter counts in the order of
millions. The design challenge has been to find the right balance between exploitation
and exploration of parameter spaces. In this respect, hybrid designs have received
considerable attention from researchers. Such hybrid designs included merging of a
genetic algorithm (GA [18]) with a local search strategy based on the interior point
method [25], using GA [18] for global exploration and Ant Colony Optimization
(ACO) for local exploitation [29], combining a calculus-based method with GA [22],
mixing GA with Tabu Search [42] for solving resource scheduling problems [60], mixing
ACO with Simulated Annealing [28] for cluster analysis [40]. In [51], the authors
develop a hybrid method combining Adaptive Partition-based Search (APS) [26] and
Downhill Simplex Algorithm (DSA) [39], where APS is used for exploration and DSA
for exploitation. Another hybridization was proposed in [59], between GA and a
stochastic variant of the simplex method [39].

A crucial component of optimizing a running system is the set of algorithms
being used for system optimization. Evolutionary algorithms [9] or heuristic search
algorithms are typical approaches to optimizing a large-scale system with many pa-
rameters such as networks. Our PTAS framework presents a new approach in using
a search algorithm to find a good way of balancing the experiment budget among

multiple algorithms.
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In the second version of PTAS, which is PTAS with no system model, we

have optimization cycle and deployment cycle. In most systems, deployment of new
configurations to the system may cause severe problems, failures, or a sudden drop
in the performance. Raghavachari et al. [43] covers two case studies for configuration
of parameter settings for application servers. The case studies are “manufacturing
application” and “Trade, a brokerage application”. First, they apply exploration
technique to the search space simply randomly generating numbers for parameters.
Then they analyze the results to determine which parameters are the most relevant
and further explore those parameters.

Hutter et al. [23] describe an automatic framework for the algorithm configura-
tion problem. They provide methods for optimizing a target algorithms performance
on a given class of problem instances by varying a set of parameters. They cover a
group of local-search-based algorithms’ configuration procedures and introduce some
techniques to optimize them by adaptively changing the time to spend for individual
configurations. They studied the problem of automatically configuring the param-
eters of complex, heuristic algorithms in order to optimize performance on a given
set of benchmark instances. Their idea is similar to our budget allocator part of the

PTAS, however the calculations are different.

2.3 Network Management and Configuration

The internet consists of many routing domains composed of one or more autonomous
systems (ASes). An AS may have hundreds or thousands of links and routers. Au-
tonomous systems are configured by an internet service provider or a company which

continuously performs traffic engineering within its domain to increase the efficiency
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of its networks.

The goal of intra-domain traffic engineering is to utilize the network resources
in an autonomous system (AS) more efficiently. Interior Gateway Protocols are used
to calculate the shortest paths in an autonomous system where the traffic flows are
directed. There are two common Interior Gateway Protocols: OSPF (Open Shortest
Path First) and IS-IS (Intermediate System-Intermediate System). Interior Gateway
Protocols (IGPs) direct traffic based on link weights assigned by the network operator.
Routers in an autonomous system calculate the shortest paths to others routers in the
autonomous system, then add these values in their destination tables. By tuning the
IGP link weights, the network operators try to change what these routers calculate
as the shortest paths and balance the traffic load on individual links of their ASes.
This is a quite complicated problem. For example, the OSPF weight-setting problem
is shown to be NP-hard [16].

Here is how OSPF calculates routes. Integer numbers between 1 and 65535
are assigned to all of the links in a network as the link weights. The weight of a
path is the sum of the link weights of the path. According to the OSPF algorithm,
each router computes a tree of shortest paths rooted at the router. By using this
tree-based graph, routers can retrieve the cheapest paths to all other routers in the
autonomous system. OSPF requires routers to exchange routing information with all
the other routers in the AS.

Figure 2.1-a presents an example scenario where three traffic lows are routed
over a common path, causing overloading. Assume that all three traffic flows have
a transmission data rate 10 Mbps. Also assume that the middle link labeled “con-
gestion” has a bandwidth of 15 Mbps. When all the links are assigned a link weight

of 5, then all three traffic flows will pass through the link in the middle according
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to shortest path calculation. The total traffic flow of 30 Mbps cannot pass through

the link with 15 Mbps bandwidth. Thus, link congestion occurs and packets drop.
Figure 2.1-b shows how intra-domain traffic engineering helps route the traffic to
different paths and balances the network load.

A question may arise as; “Why not simply increase the cost of the congested
link making the cost proportional to the traffic flow?”. As illustrated in Figure 2.2,
doing so may cause oscillations in the system, and damages the hardware.

Automated network management and configuration has been of high interest
in the research and ISP communities [58]. In [16], the authors proposed a solution
to set the link weights of interior gateway protocols (IGPs) according to the given
network topology and traffic demand so as to control intra-domain traffic and meet
traffic engineering objectives. The IGP link weight setting problem is known to be
NP-hard [16]. In [46], Riedl at al. adopted objective of routing optimization as the
maximum link utilization in the network. The latest development on the IGP link
weight setting problem is RRS [58], and we show that PTAS outperforms RRS on
this critical problem.

Wang et al. [55] proposed an algorithm to tune IGP link weights. By tuning
the IGP link weights, they optimize a multimedia IP network. To better utilize the
network, internet service providers use multicast for videos to their clients. They use
the same network to use unicast for their clients. Their service traffic is sent from
source to receivers. The IGP shortest path calculation is done from source to receivers
for unicast traffic but from receivers to source for multicast traffic. To minimize
congestion, they tune IGP link weights such that the traffic flows for multicast and
unicast do not overlap. Their approach enables service providers to use additional

capacity on the reverse direction of multicast traffic flow.
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(b) Traffic engineering ensures the network load balancing by directing the traffic flows onto different paths.

Figure 2.1: Traffic engineering for network load balancing



18

2+e A 0 2+e
+e 1 S B3 1 SB2
10 ToSee |
f
initially rreoclf*rinnpgufe .. recompute .. recompute

Figure 2.2: Oscillations in routing [27].

Wang et al.’s algorithm is not a stochastic search algorithm. Given at least two
connected network topologies, their algorithm sets link weights in an iterative way.
They start with an empty graph G, select a subset of links from the network, set link
weights for the selected links, and add them to the graph G. They assign either high
or low values to the weights. The low weight could be one or other numbers. The
high weight should be relatively large, for example, the number of the links in the
network times the low weight. This procedure keeps going until all of the links of
the network are added to the graph. In a multimedia IP network, they assume the
multicast routing is using reverse path forwarding technique, and the IGP unicast
routing protocol is using shortest path routing [55].

Sridharan et al. [49] developed a method for link failures. They compute an
optimum set of links weights which will perform well for all single link failures in an
interior gateway protocol. They observe that link failures are usually short-lived, and
quickly recovered, but may occur frequently. Hence, for a large network topology,
instead of spending time searching for an optimum set of link weights and affecting
the network’s performance during the optimization phase, it is more reasonable to
compute the link weights before failure, and deploy those link weights as soon as the

failure occurs.
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Ye et al. [57] address the issues associated with the dynamic optimization of link

weights setting. In our work, we maximize aggregate network throughput. However,
they chose the packet loss rate in the network as the optimization metric. The packet
loss rate was formulated in terms of the link parameters, such as bandwidth and
buffer space, and the parameters of the traffic demands. They used a queuing model
to compute the packet drop probability on a given link in the network. Similar to
our work, they also optimize the network by tuning the OSPF weights but they do

not use multiple algorithms to hybridize.

2.4 Optimization of Ad Hoc Wireless Networks

In this section, we cover some literature related to optimization of ad hoc wireless
networks. As opposed to the wired networks, ad hoc wireless networks do not have
preexisting infrastructure. They don’t have routers. Nodes participate in routing by
forwarding the packets to their neighbor nodes. The distance that nodes can send
their packets depends on the transmission power level of the nodes. Transmission
power level and carrier sense threshold have a direct effect on the overall network
capacity. When the transmission power level is low, then less data is received at the
destination. If transmission power level is too high, then it causes interference. Also
increasing carrier sense threshold reduces the carrier sense range. In their paper, Kim
et al. [50] study the problem of ad hoc network optimization by finding some optimum
values for the transmission power level and the carrier sense threshold. We applied
PTAS to ad hoc network optimization by tuning the data rates of traffic sources, but
as a future work, we are also planning to tune transmission power level and carrier

sense threshold for optimization.
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Liu et al. [31] optimize the energy efficiency of wireless ad hoc networks by

tuning the transmission power. They present two algorithms for neighbor selec-
tion. There are numerous topology control protocols with the goal of increasing
the throughput of the wireless ad hoc networks and while reducing its energy con-
sumption. Most of them use some type of pruning algorithm to remove neighbors
from their neighbor list while still maintaining network connectivity. In their paper,
they claim as the main contribution of the paper that the algorithms consider en-
ergy consumption of the irrelevant receivers as well as the energy consumption at
transmitter and receiver at the destination.

In [8], Aron et al. introduce a distributed topology control algorithm to reduce
the energy consumption in wireless mesh networks. Similar to our work, they also
use NS-2 network simulator to assess their algorithm. Unlike ours, their algorithm
is not a stochastic search algorithm. When they calculate the transmission power
for each node, also in order to not to lose network connectivity, they use their local
information about the neighborhood. That is, the optimization problem is not a
black-box problem for their algorithm.

Yi Li et al. [30] developed an algorithm that calculates an upper limit for trans-
mission data rates of traffic sources for wireless network optimization. As the input
for the algorithm, they use traffic low demands. As for the performance measures,

they consider aggregate network throughput and also maximizing fairness.
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Chapter 3

PTAS: Probabilistic

Trans-Algorithmic Search

The essence of PTAS is to apply an optimization search algorithm to find out how
to best distribute available experiment “budget” to multiple optimization search al-
gorithms. In other words, PTAS aims to systematize how to “search for the best
search”. First, we split our total budget into smaller chunks, and call them “round
budgets”. In the first round, the budget allocator in the PTAS framework (Figure 3.1)
allocates the round budget among the three algorithms equally. At the end of the
first round, it compares the responses returned from each algorithm. When it allo-
cates the round budget for the second round, it allocates the round budget among the
three algorithms based on how they performed in the first round. When allocating
the round budget for the third round, it allocates the round budget among the three
algorithms based how they performed in the second round, and so on. At the end of
each round, we transfer/exchange the best result(s) among the algorithms.

Total Budget: This is the total budget that we use for our experiment. To
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Figure 3.1: Trans-Algorithmic Search for real-time system management: FEach algo-
rithm can experiment with the black-box system by trying out different parameter

vectors.
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Algorithm 1 PTAS Main Function

1: while budget > 0 do

2: bestl <= Algorithm1(roundbudgetl)
3: best2 < Algorithm2(roundbudget?2)
4: best3 < Algorithm3(roundbudget3)
5.
6
7

recalculate round budgets based on performances
transfer bestOf(bestl, best2, best3) to all three algorithms
end while

calculate the output of an objective function for some given parameters, we use eval
function. Calling eval function one time costs one unit budget.

Budget for a round: This is the budget that we use for each round in our
program. Initially we split this amount equally between three algorithms (RRS [56],
SA [28], and GA [18]). This budget does not change for each round; however the
budget each algorithm can get in a given round is based on how they performed
compared to previous rounds.

For our PTAS experiments in this dissertation, we used three algorithms as
the individual algorithms available within the PTAS framework:

Recursive Random Search (RRS) [56]: There are two elements in a
stochastic search algorithm, i.e., exploration and exploitation. Exploration exam-
ines the macroscopic features of the search space and tries to determine promising
areas in the parameter space. Exploitation focuses on the microscopic features of the
search space and tries to improve the solution in that local search space.

The RRS algorithm uses random sampling for exploration and recursive ran-
dom sampling for exploitation. In the exploration phase, it spends some of its budget
to identify a promising area. After the exploration phase, it goes into exploitation
phase around the promising area found in the exploration phase. In the exploitation

phase, there are two methods, i.e., re-align sub-phase and shrink sub-phase. Random
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Figure 3.2: Shrink and Re-align Process [56].

sampling is also used in the exploitation phase recursively. As depicted in figure 3.2,
the sample space is re-aligned or shrunk until its size falls below a predefined level.

In figure 3.2, the exploration identifies a promising point C; and then the
exploitation (i.e., random sampling) start in the neighborhood R; of C;. After a few
samples, a new point C5 is found to be better than C';. Then the sample space is
moved from R; to the neighborhood Ry of Cj.

If random sampling fails to find a better point in some predefined number
of samples, RRS reduce the size of the search space in exploitation phase, which
is called “shrink operation”. With re-align and shrink alternately performed, the
sample space converges to the local optimum eventually. For example, in figure 3.2,
after some predefined number of unsuccessful samples in R, the sample space is
shrunk to Rj3, then to R, if sampling in R3 continues to fail. The whole exploitation
process continues until the size of sample space falls below a certain threshold [56].

Simulated Annealing (SA) [28]: The Simulated Annealing algorithm is
inspired by physical annealing in metallurgy. Annealing is a process used in metal-
lurgy to reduce the defects of a material by heating it first and then cooling it [4]. In

the Simulated Annealing algorithm, an initial temperature value is set. With some
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probability dependent on the temperature, Simulated Annealing algorithm accepts

some point even if the value of the point is worse than the current location. This
probability is higher as the temperature is high. As the search progresses, the tem-
perature is cooled down at every iteration. When the temperature is very high, the
SA algorithm behaves like a random walk algorithm. As the temperature goes to
zero, the algorithm behaves like a hill climbing algorithm.

Genetic Algorithm (GA) [18]: Genetic algorithm is a search algorithm
which is inspired by evolutionary biology. A population in a Genetic Algorithm
consists of individuals which represents a candidate solution for the problem. The

steps of a GA are shown in Algorithm 2.

Algorithm 2 GA Steps

Choose initial population
Evaluate the fitness of each individual in the population
while <terminating condition> do
Select best-ranking individuals to reproduce
Breed new generation through crossover and mutation (genetic operations)
and give birth to offspring
Evaluate the individual fitnesses of the offspring
: Replace worst ranked part of population with offspring
8: end while

e

In the initialization phase of the GA, a predefined number of individuals are
created. An individual has some number of chromosomes. In our implementation
of GA, each chromosome corresponds to a parameter. In the initialization phase,
we randomly pick an integer number between the lower and upper limits for the
parameters, and then assign it to chromosome of the individual. We used 20 as the
population size. We assume that a round budget is much larger than the population
size. In the selection phase of our GA, we select the two best ranked individuals from

the population as parents. For the crossover operation in our GA implementation,
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we randomly pick a crossover point, and then apply the crossover operation on the

integer parameters of the individuals. At the end of this crossover operation, two
offsprings are bred. Then with some probability, we mutate the new offsprings by
changing one of their chromosomes. We select the two best ranked individuals among
the two parents and two offsprings. Then, we replace worst ranked two individuals
in the population with the two best ranked individuals obtained from the crossover

operation.

3.1 Budget Allocator with Roulette Wheel

The crucial component of PTAS is to intelligently allocate the budget to individual
algorithms so that the overall search performance is satisfactory. We use a “roulette
wheel” [24] method to re-allocate the round budget among the individual algorithms.
We call the PTAS component doing this budget distribution as “budget allocator”
(see Figure 3.1).

The budget allocator first splits the round budget into two portions: hard
(RBhara) and soft (RBgop). The hard round budget is the portion that has to be
equally distributed among the individual algorithms, and the soft round budget is the
portion that can be unequally distributed. The intuition behind this design is to give
each algorithm a chance to perform in the next round. In her article [53], Pamela J.
Vaccaro states that “Simply put, the 80/20 rule states that the relationship between
mput and output is rarely, if ever, balanced. When applied to work, it means that
approzimately 20 percent of your efforts produce 80 percent of the results. Learning
to recognize and then focus on that 20 percent is the key to making the most effective

use of your time.”. Therefore, in this dissertation, we picked a soft round budget
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portion of 20%, which is a relatively conservative apportionment since only 20% of

the whole round budget is reallocated each time. More aggressive budget allocation
can be applied by increasing the soft round budget portion. Investigation of this
matter is for future work.

The soft round budget is where the roulette wheel idea is applied. We distribute
the soft round budget among the individual algorithms considering the percentage
improvement they achieved in the previous round. Figure 3.3 illustrates a sample
scenario for how roulette wheel affects the budget allocation among three algorithms.

We now describe how to apply the roulette wheel technique on the soft round
budget allocation. Let the round budget be B = Bgrrsli] + Bsali] + Baali], where
Brrs(i], Bsalt], and Bgali] are round i budget of RRS, SA, and GA respectively. Fur-
ther, let the best-so-far value found during round ¢ be A[i| = min(dggs[i], dgali], dcalil]),
where 0rpsli], dgali], and dgali] are the best-so-far value found during round i by
RRS, SA, and GA respectively. We first calculate percentage improvement for each

algorithm, as shown for RRS below:

_ Orrsli — 1] — drgs|i]
TRRS = 5RRS[Z' — 1] x 100 (31)

T[Z] = Trns [Z] + TSA[i] + TGA[i] (32)

The fractions are set to 1 initially. The expression below shows how to calculate

fraction for RRS:

Trrsli]
ah

FRRS[i] = FRRS[i — 1] + X RBsoft X 3 — RBsoft (33)

To calculate the round budgets for the next round, we multiply the current

round budgets with fractions (Frrs[i|, Fsali], and Fgali]) for each algorithm:
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Brrsli] = Brrsli — 1] X Frrsli] (3.4)

For example, assume that RRS improved from dggrs[i—1]=1000 to dgrs[i|=800
during round 4. Then, by using equation 3.1, Trpgs[i] is (1000-800)/1000%100 = 20.
Further, let Trrs[i]=20, Tsali]=10, and T4[i]=0 and let the round budgets in the
current round be all equal to 100, i.e., Srrs[i]=100 , Bsa[i]=100 , Bgali|=100. Using

equation 3.3,
Frrsli +1] =1+ (20/30) x 0.2 x3—-02=1.2

=1404-02=1.2
Using equation 3.4,

Brrsli + 1] = Brrsli] X Frrsli + 1]

Brrsi + 1] =100 x 1.2 = 120

In more simple terms, RRS gets back two third of the total soft round budgets
60*20/30 = 40, SA gets back one third 60*10/30 = 20. Because percentage improve-
ment of GA is zero, GA gets back nothing 60*0/30 = 0. After this allocation, the
round budgets become 120, 100, and 80 for RRS, SA, and GA respectively.

3.2 Transfer of Best-So-Far Among Algorithms

In PTAS, we run the three algorithms (RRS [56], SA [28], and GA [18]) at each
round. At the end of each round, we get best result of these three algorithms. If
it is better than current best-so-far, we update the best-so-far sample (which is a
parameter vector) and transfer it into these three algorithms. In other words, if

one of the algorithms found a very good sample in the previous round, the other



30
algorithms also benefit from that sample by incorporating it into their search. How

this is accomplished is different for each algorithm.

For the RRS [56], in each round, we spend some of our budget for the explo-
ration phase. Then we begin the exploitation phase around the point which has the
best value found in the exploration phase. If we cannot find any point better than
the best-so-far value in the exploration phase, then we begin the exploitation phase
around the best-so-far. This is how we transfer the best-so-far sample to the RRS
algorithm.

For the SA [28], in the first round, we randomly pick a point as the initial
state for the simulated annealing. After the first round, as the initial state of a round,
we use the best result found in the previous round. This is how we transfer the best
result of the three algorithms to the simulated annealing algorithm.

For the GA [18], in the first round, we generate samples (i.e., individuals)
randomly to form our population. Then at the end of each round, we find the worst
individual in the population, replace it with best-so-far. This is how we transfer the

best result of the three algorithms to genetic algorithm.

3.3 Performance Evaluation on Benchmark Objec-
tive Functions

In order to compare our PTAS with separate system model algorithm with other
three individual search algorithms, we use several benchmark objective functions in
the system. These benchmark objective functions are explained in 3.3.1, and the

results of experiments are discussed in 3.3.2 and 3.3.3.
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3.3.1 Benchmark Objective Functions
In order to compare our PTAS algorithm with other three individual search algo-
rithms, we used several benchmark objective functions in the system. These are;
Square Sum function (Figure 3.4), Rastrigin function (Figure 3.5), Griewangk’s Func-
tion (Figure 3.6), Axis parallel hyper-ellipsoid function (Figure 3.7), Rotated hyper-
ellipsoid function (Figure 3.8), and Ackley’s Path function (Figure 3.9). All of these

six objective functions have the global optimum at zero.
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Figure 3.5: Visualization of Rastrigin’s function; left: surf plot in an area from -5 to
5, right: focus around the area of the global optimum at [0, 0] in an area from -1 to
1. [1]
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Figure 3.6: Visualization of Griewangk’s function; top left: full definition area from
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-8 to 8 around the optimum at [0, 0] [1]
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Figure 3.7: Visualization of Axis parallel hyper-ellipsoid function; surf/mesh plot of
the function in an area from -5 to 5. [1]
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Figure 3.8: Visualization of Rotated hyper-ellipsoid function; surf/mesh plot of the
first two variables in an area from -50 to 50. [1]



35

|E ¥ 3:-:-:-5[.:.'-?;_}

—'?-" P} -
i —g ' gt -1ix 21

fm[;’:]= v

3 -
1 .
AL 3
£ 24
.'|i:sr1-\_'- E
T g =N
] e
1

warizhie 2 . variakee |

Figure 3.9: Visualization of Ackley’s Path function; left: surf plot in an area from -30
to 30, right: focus around the area of the global optimum at [0, 0] in an area from -2

to 2. [1]
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Figure 3.10: Comparison of PTAS with RRS, SA, and GA for SquareSum function.
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Figure 3.11: Cumulative progresses of four search algorithms for SquareSum function.

3.3.2 When System Response is Fixed

To compare the performance of PTAS with other search algorithms, we experiment
with minimizing six different benchmark objective functions. In these experiments,
the objective function corresponding to the black-box system does not change. The
total budgets in our experiments are 9000. We run each experiment five times with
different seed numbers and use the average of five runs as the best-so-far value.
Figure 3.10 shows a comparison of the four algorithms when the objective
function is the SquareSum function. In the SquareSum function, because there is

only one global optimum and no local optima, PTAS significantly outperformed the
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Figure 3.12: Comparison of PTAS with RRS, SA, and GA for Rastrigin function.
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Figure 3.13: Cumulative progresses of four search algorithms for Rastrigin function.

three individual algorithms by large margins. The global optimum point is zero
and PTAS almost got there at the 3900 experiment. Figure 3.11 shows the total
area that is below the curves in Figure 3.10. According to this graph, the PTAS
also outperforms when we consider the cumulative progress for the entire experiment
duration. The improvement of the SA is not so obvious, because we used logarithmic
scale on the Y-axis.

Figure 3.12 shows a comparison of the four algorithms when the objective
function is the Rastrigin function. In the Rastrigin objective function, there are

too many local optimum points. Since RRS is a good algorithm in exploration, it
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Figure 3.14: Comparison of PTAS with RRS, SA, and GA for Griewangk function.

outperformed Genetic Algorithm and Simulated Annealing algorithms. In this case,
until the 2100"" experiment, PTAS wins for most cases we examined. Then between
the 2100"* and 5400"" experiment, RRS wins. Then at the 5400"" experiment, PTAS
caught up with RRS. Then PTAS becomes the second best after RRS with a very
small margin. Figure 3.13 shows the total area that is below the curves in Figure
3.12. Although PTAS becomes the second best after RRS with a very small margin at
the end of the experiment, PTAS outperforms RRS when we consider the cumulative
progress for the entire experiment duration. The improvement of the SA is not so
obvious, because we used logarithmic scale on the Y-axis.

Figure 3.14 shows a comparison of the four algorithms when the objective
function is the Griewangk function. The Griewangk objective function has many
local optimum points. Since RRS and Genetic Algorithm are good algorithms in ex-
ploration, they performed better than simulated annealing. Because PTAS uses all
three algorithms, PTAS outperforms RRS and Genetic Algorithm with the help of
Simulated Annealing. Figure 3.15 shows the total area that is below the curves in

Figure 3.14. According to this graph, the PTAS also performs the best when we con-
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Figure 3.15: Cumulative progresses of four search algorithms for Griewangk function.
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Figure 3.16: Comparison of PTAS with RRS, SA, and GA for Axis parallel hyper-
ellipsoid function.

sider the cumulative progress for the entire experiment duration. The improvement
of the SA is not so obvious, because we used logarithmic scale on the Y-axis.

Figure 3.16 shows a comparison of the four algorithms when the objective
function is the Axis parallel hyper-ellipsoid function. In the Axis parallel hyper-
ellipsoid objective function, the global optimum point is zero. PTAS and RRS almost
reached zero at the 600" experiment, while GA almost reached it at the 1200%"
experiment. Until around the 4500 experiment, PTAS wins, and then it was caught

later by RRS. Figure 3.17 shows the total area that is below the curves in Figure
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Figure 3.17: Cumulative progresses of four search algorithms for Axis parallel hyper-
ellipsoid function.
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Figure 3.18: Comparison of PTAS with RRS, SA, and GA for Rotated hyper-ellipsoid
function.

3.16. According to this graph, when we consider the cumulative progress for the entire
experiment duration, RRS performs the best, and PTAS performs the second best.
The improvement of the SA is not so obvious, because we used logarithmic scale on
the Y-axis.

Figure 3.18 shows a comparison of the four algorithms when the objective
function is the Rotated hyper-ellipsoid function. In the Rotated hyper-ellipsoid ob-

jective function, the global optimum point is zero. Until the 1200 experiment, RRS
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Figure 3.19: Cumulative progresses of four search algorithms for Rotated hyper-
ellipsoid function.
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Figure 3.20: Comparison of PTAS with RRS, SA, and GA for Ackley’s Path function.

wins, and PTAS remains second. Then until around 3900 experiment, PTAS wins.
After the 3900 experiment, RRS passes the PTAS by only a small margin, and PTAS
remains second best. Figure 3.19 shows the total area that is below the curves in
Figure 3.18. According to this graph, when we consider the cumulative progress for
the entire experiment duration, RRS performs the best, and PTAS performs the sec-
ond best. The improvement of the SA is not so obvious, because we used logarithmic
scale on the Y-axis.

Figure 3.20 shows a comparison of the four algorithms when the objective
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Figure 3.21: Cumulative progresses of four search algorithms for Ackley’s Path func-
tion.

function is Ackley’s Path function. In the Ackley’s Path objective function, RRS and
Genetic Algorithm gets the first and second places, while PTAS remains third most
of the time. Figure 3.21 shows the total area that is below the curves in Figure 3.20.
According to this graph, when we consider the cumulative progress for the entire
experiment duration, RRS and Genetic Algorithm gets the first and second places,
PTAS gets the third place. The improvement of the SA is not so obvious, because
we used logarithmic scale on the Y-axis.

For three out of the six different objective functions we tested, PTAS signifi-
cantly outperformed the three individual algorithms by large margins. For the other
three functions (i.e., Ackley, Rotated hyper-ellipsoid, and Rastrigin), PTAS was only
slightly outperformed temporarily which suggests that fine tuning of PTAS can still
result in better performance. Further, for those three functions, PTAS still performed
better early on in the search (i.e., up to 3000 experiments), but was caught up by
RRS later. This still makes PTAS more valuable, as the solutions are needed quickly

for most real systems.



43

When we consider the cumulative progress for the entire experiment duration,
for three out of the six different objective functions we tested, PTAS performs best.
For the two out of six objective functions, PTAS performs second best. And for one

out of six objective functions, PTAS gets the third place.
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3.3.3 When System Response Varies
In order to evaluate PTAS in a more realistic scenario, we change the objective
function in the black-box during the optimization search process. This is a typical
situation for large-scale real systems where parts of the system could temporarily fail
and the system recovers from such failures. To simulate this, we change the objec-
tive function during the optimization search and return back to the original objective
function. In large-scale physical systems, small or drastic changes may occur. We
have experimented with both cases to illustrate how our PTAS handles drastic (Fig-
ures 3.22- 3.31) and small changes (Figures 3.32- 3.37). To show how PTAS performs
when there is a drastic change, we change the objective function completely, such as
from SquareSum function to Rastrigin, and then to a SquareSumfunction. To
show how it behaves when there is a small change, we shift the objective function, for
example from Rastrigin to Rastrigin — SHIFTED, and then back to Rastrigin.
To shift an objective function, we subtract a constant number from each parameter.
For instance, we obtained the “shifted” version of the Square Sum function as follows:
[squaresum(T) =Y 1o 22 Global min: f(x) =0,z; =0,i=1:n.
[squaresum—suirrEp(T) =Y 1 o(x; — C)? Global min: f(z) =0,2;, =C,i=1:n.
We, again, compare PTAS with the three individual algorithms RRS [56], SA
28], and GA [18]. The total budget in our experiments is 9000. All of the optimiza-
tion processes in these experiments are minimizations. We run each experiment five
times with different seed numbers, and use the average of five runs as the best-so-far
values. In each run, an initial objective function is used for the first 3000 experiments,
a temporary objective function is used for the next 3000 experiments, and finally, the
initial objective function is used again for the third 3000 experiments.

Figure 3.22 shows a comparison of the four algorithms when the objective
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Figure 3.22: A Drastic Change: SquareSum — Rastrigin — SquareSum
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Figure 3.23: A Drastic Change: SquareSum — Griewangk — SquareSum.

functions are SquareSum, Rastrigin, and then SquareSum. As we observe from our
previous experiments (Figure 3.10), PTAS outperforms the SquareSum function. In
this case, because the first and third 3000 budget are SquareSum functions, the
PTAS outperforms as expected. In the second 3000 budget, RRS wins and PTAS
gets the second place. These results are also consistent with the results of our previous
experiments (Figure 3.12).

Figure 3.23 shows a comparison of the four algorithms when the objective

functions are SquareSum, Griewangk, and then SquareSum. As we observe from
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Figure 3.24: A Drastic Change: SquareSum — Axis parallel — SquareSum.

our previous experiments (Figure 3.10), PTAS outperforms the SquareSum function.
Because the first and third 3000 budget are SquareSum functions, PTAS outperforms.
Also from our experiments of Figure 3.14, we observe that PTAS outperforms the
Griewangk function. Because the objective function is the Griewangk function in the
second 3000 budget, PTAS outperforms in that period. These results are consistent
with the results of our previous experiments.

Figure 3.24 shows a comparison of the four algorithms when the objective
functions are SquareSum, Axis parallel, and then SquareSum. As we observe from
our experiments of Figure 3.10, PTAS outperforms for the SquareSum function. In
this case, because the first and third 3000 budget is SquareSum function, the PTAS
outperforms. Also from our experiments of Figure 3.16, we observe that PTAS out-
performs in Axis parallel function. Because the objective function is Axis parallel
function in the second 3000 budget, PTAS outperforms in that period. These results
are consistent with the results of our previous experiments.

Figure 3.25 shows a comparison of the four algorithms when the objective

functions are Rastrigin, SquareSum, and then Rastrigin. As we observe from our
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Figure 3.26: A Drastic Change: Rastrigin — Axis parallel — Rastrigin.

previous experiments (Figure 3.12), RRS outperforms for the Rastrigin function. In
this case, because the first and third 3000 budgets are Rastrigin function, the RRS
gets the first place, and PTAS gets the second place. Because the objective function
is SquareSum function in the second 3000 budget, PTAS outperforms in that period.
These results are also consistent with the results of our experiments of Figure 3.10.
Figure 3.26 shows a comparison of the four algorithms when the objective
functions are Rastrigin, Axis parallel, and then Rastrigin. As we observe from our

experiments of Figure 3.12, RRS outperforms the Rastrigin function. In this case,
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Figure 3.27: A Drastic Change: Griewangk — SquareSum — Griewangk.

because the first 3000 budget is Rastrigin function, the RRS gets the first place,
and PTAS gets the second place. But, in third 3000 budget, although the objective
function is Rastrigin function, PTAS gets the first place, and RRS gets the second
place. Because the objective function is Axis parallel function in the second 3000
budget, PTAS outperforms in that period. These results are also consistent with the
results of the experiments of Figure 3.16.

Figure 3.27 shows a comparison of the four algorithms when the objective
functions are Griewangk, SquareSum, and then Griewangk. As we observe from the
experiments of Figure 3.14, PTAS outperforms for the Griewangk function. In this
case, because the first and third 3000 budgets are Griewangk function, the PTAS
gets the first place. Also from our experiments of Figure 3.10, we observe that PTAS
outperforms in SquareSum function. Because the objective function is SquareSum
function in the second 3000 budget, PTAS outperforms in that period. These results
show consistency with the results of our previous experiments.

Figure 3.28 shows a comparison of the four algorithms when the objective

functions are Griewangk, Rastrigin, and then Griewangk. As we observe from our
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Figure 3.29: A Drastic Change: Griewangk — Axis parallel — Griewangk.

previous experiments (Figure 3.14), PTAS outperforms for the Griewangk function.
In this case, because the first and third 3000 budgets are Griewangk function, the
PTAS gets the first place. Also from our experiments of Figure 3.12, we observe that
RRS outperforms in Rastrigin function. Because the objective function is Rastrigin
function in the second 3000 budget, RRS outperforms in that period. These results
show consistency with the results of our previous experiments.

Figure 3.29 shows a comparison of the four algorithms when the objective

functions are Griewangk, Axis parallel, and then Griewangk. As we observe from our
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Figure 3.30: A Drastic Change: Axis parallel — Rastrigin — Axis parallel.

previous experiments (Figure 3.14), PTAS outperforms for the Griewangk function.
In this case, because the first 3000 budget is Griewangk function, the PTAS gets
the first place. In third 3000 budget, although the objective function is Griewangk
function, the GA gets the first place, and PTAS gets the second place. The objective
function is Axis parallel function in the second 3000 budget. From our experiments
of Figure 3.16, we observe that PTAS outperforms in Axis parallel function. In this
case however, PTAS performed well at the beginning of this period, but then RRS
outperforms PTAS with a small margin.

Figure 3.30 shows a comparison of the four algorithms when the objective
functions are Axis parallel, Rastrigin, and then Axis parallel. As we observe from the
experiments of Figure 3.16, PTAS outperforms for the Axis parallel function. In this
case, because the first and third 3000 budgets are the Axis parallel function, PTAS
gets the first place. Also from the experiments of Figure 3.12, we observe that RRS
outperforms in the Rastrigin function. Because the objective function is the Rastrigin
function in the second 3000 budget, RRS outperforms in that period. These results

show consistency with the results of our previous experiments.
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Figure 3.31: A Drastic Change: Axis parallel — Griewangk — Axis parallel.
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Figure 3.32: A Small Change: SquareSum — SquareSum-Shifted — SquareSum.

Figure 3.31 shows a comparison of the four algorithms when the objective
functions are Axis parallel, Griewangk, and then Axis parallel. As we observe from
our experiments of Figure 3.16, PTAS outperforms for the Axis parallel function. In
this case, because the first and third 3000 budgets are Axis parallel function, the
PTAS gets the first place. Also from our experiments of Figure 3.14, we observe that
PTAS outperforms in the Griewangk function. Because the objective function is the
Griewangk function in the second 3000 budget, PTAS outperforms in that period.

These results show consistency with the results of our previous experiments.
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Figure 3.33: A Small Change: Rastrigin — Rastrigin-Shifted — Rastrigin.

Figure 3.32 shows a comparison of the four algorithms when the objective
functions are SquareSum, SquareSum-Shifted, and then SquareSum. As we observe
from our experiments of Figure 3.10, PTAS outperforms for the SquareSum function.
As expected, PTAS gets the first places in all three 3000 budget periods. These
results are consistent with the results of the experiments of Figure 3.10.

Figure 3.33 shows a comparison of the four algorithms when the objective
functions are Rastrigin, Rastrigin-Shifted, and then Rastrigin. As we observe from
our experiments of Figure 3.12, RRS outperforms for the Rastrigin function. As
expected, RRS gets the first places in all three 3000 budget periods, and PTAS gets
the second places. These results are also consistent with the results of our experiments
of Figure 3.12.

Figure 3.34 shows a comparison of the four algorithms when the objective
functions are Griewangk, Griewangk-Shifted, and then Griewangk. As we observe
from our experiments of Figure 3.14, PTAS outperforms for the Griewangk function.
As expected, PTAS gets the first places in all three 3000 budget periods. These

results are consistent with the results of our experiments of Figure 3.14.
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Figure 3.34: A Small Change: Griewangk — Griewangk-Shifted — Griewangk.
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Figure 3.35: A Small Change: Axis parallel — Axis parallel-Shifted — Axis parallel.
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Figure 3.36: A Small Change: Rotated ellipsoid — R. ellipsoid-Shifted — R. ellipsoid.

Figure 3.35 shows a comparison of the four algorithms when the objective
functions are Axis parallel, Axis parallel-Shifted, and then Axis parallel. As we
observe from our experiments of Figure 3.16, PTAS outperforms for the Axis parallel
function. As expected, PTAS gets the first places in all three 3000 budget periods.
Actually, just after the search space is shifted, PTAS becomes second best, but then it
quickly adapts, and becomes the first place in around 600 experiments. These results
are consistent with the results of our experiments of Figure 3.16.

Figure 3.36 shows a comparison of the four algorithms when the objective
functions are Rotated ellipsoid, Rotated ellipsoid-Shifted, and then Rotated ellipsoid.
In our experiments of Figure 3.18, we observe that PTAS outperforms for the Rotated
ellipsoid function at the beginning, then RRS passes PTAS when experiments run long
enough. In this scenario, PTAS gets the first places in all three 3000 budget periods.
Actually, just after the search space is shifted in both second and third 3000 budget
periods, PTAS becomes second best, then it quickly adapts, and becomes the first
place in around 300 experiments. These results are consistent with the results of our

experiments of Figure 3.18.
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Figure 3.37: A Small Change: Ackley’s — Ackley’s-Shifted — Ackley’s.

Figure 3.37 shows a comparison of the four algorithms when the objective
functions are Ackley’s, Ackley’s-Shifted, and then Ackley’s. In our previous experi-
ments (Figure 3.20), we observe that GA outperforms for the Ackley’s function. In
this scenario, GA gets the first places in the first and second 3000 budget periods.
And these results are consistent with the results of our experiments of Figure 3.20.

However, PTAS becomes the best in the third 3000 budget period.
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Chapter 4

Online Optimization of Networks

with PTAS

As the size, dynamism and diversity of network components are increasing, the prob-
lem of finding the best configuration settings for networks is becoming more difficult.
Manageability of large-scale networks is highly dependent on tools and methods to
configure them. The typical practice has been to train and employ highly-experienced
human administrators for network configuration and management. However, auto-
mated ways of managing and configuring networks are essential for scaling this prac-
tice for highly dynamic, heterogeneous and large networks. Thus, tools and methods
to achieve automated management and configuration of a running network are vitally
needed.

Tuning and configuring a running network or system requires one to perform
“online” optimization by searching and finding better parameter configuration set-
tings of the system at hand. Such optimization of systems can be performed in two

ways: (1) using a separate model of the system for experimenting with and trying new
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configurations, as depicted in Figure 4.1, or (ii) using the system itself for experi-

mentation without a separate system model as depicted in Figure 4.2. The former
approach is appropriate when the system is steady-state and exhibits the same or
similar behavior over long periods of time. Such steady-state systems can be char-
acterized by accurate models. For instance, backbone networks or wireless mesh
networks with steady-state links and invariant traffic profile give a fixed response
and can be accurately modeled over long time periods. Our first version of PTAS,
called PTAS with separate system model, explored the optimization of such networks
for very hard configuration problems such as Interior Gateway Protocol (IGP) link
weight setting for load balancing [58].

For systems with highly dynamic behavior, it is not practical to accurately
capture the system’s response with a model. Modeling of the actual system becomes
impractical since the system behavior changes frequently. Thus, the approach without
a system model is needed for such systems. For large networks with high link /router
failure rate or a very dynamic traffic demand profile, or mobile ad-hoc networks
(MANETS) with a constantly changing topology, it is a necessity to use the system
itself to try out new configurations with the hope of finding a better parameter setting.
A key challenge in this particular case is the fact that the objective function changes
during the optimization itself. Thus, the optimization process must adapt to the
changes in the objective function by applying the appropriate search algorithms for
the system response due to the new system dynamics.

In the second version of PTAS, which is called PTAS with no system model, we
focus on the latter approach and investigate a two-phase online optimization frame-
work for network configuration and management. Our approach follows a pattern of

two subsequent phases, search and no-search, where new configuration parameters
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Figure 4.1: Optimization using a separate model of the system
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Figure 4.2: Optimization using real-time data from the system

are tried during the search phase. Each search phase is followed by a no-search phase
with normal operation using the parameters found in the latest search phase. We
explore some of the key tradeoffs in the two-phase model, such as the frequency of
the search, the duration of the search phase, and the adverse effect of the search
phase on the system performance. We apply the two-phase optimization model on
the IGP link weight setting problem and observe the aggregate network throughput
against several parameters such as link failure rate, optimization algorithm, and total
experiment budget of the search phases.

In chapter 3, we detailed the PTAS framework, and then applied it to some

benchmark objective functions. We included some dynamics in the functions to see
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how the PTAS adapts itself against the small and drastic changes. In this chapter,

we use PTAS to perform online optimization of some sample network problems to see
applicability of it.

In Section 4.2, we discuss our experiment results of PTAS with separate system
model on two well-known network problems: (i) the problem of interior gateway pro-
tocol (IGP) link weights optimization on realistic ISP topologies and (ii) optimization
of ad hoc wireless networks by tuning the data rates of traffic sources. Section 4.3 dis-
cusses the experiment results of PTAS with no system model on a real-time running

interior gateway protocol (IGP) link weights optimization problem.

4.1 Experiment Setup

In order to validate the accuracy and efficiency of our PTAS algorithm, we used
Network Simulator 2 (NS-2) [2] as it is the most commonly used network simulator
in the field. It is an open source network simulator and there is a vast amount of
documentation about it. NS-2 is written in C++. Users write TCL script codes to
describe their network topology, to assign weights to the links of the topology and
to give the specifics of the simulation, such as simulation duration, bandwidths of
the links, type of connection protocol (e.g. TCP, UDP), type of traffic flows (e.g.,
Constant Bit Rate, FTP), and type of routing model.

Because NS-2 is an open source network simulator, we can modify the code,
or add more features to it. Initially, to allow our PTAS algorithm to communicate
with the NS-2, we were using a text file between PTAS and NS-2. This worked well,
but when we run lots of simulations with longer duration, we had performance issues,

since file I/O operations are slow. We decided to convert our PTAS code into an NS-2
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agent and integrate it into the NS-2, which eliminated the need for text files. In the

TCL script code, we create an instance of the PTAS agent, then bind some variables
of the TCL script code with the variables of the PTAS. Through this variable binding,
the PTAS and NS-2 simulator can communicate directly. To run multiple simulations

at the same time, we used the following arguments for the NS-2 TCL script.

1. argchoiceAlg: which algorithm to use [0-4]. (0 is for No-Algorithm. [1-4] is for

4 search algorithms)
2. arglinkfail: The index of the link to fail.
3. argseed: The seed number for the random number generator.
4. tepDuration: The duration of TCP traffic lows in seconds.

5. totalbudget: Represents how many times the algorithms can try different link

weights for their searches.

6. numofrounds: The number of rounds for PTAS. This is for PTAS only. For
other three algorithms, this argument is ignored. This value is, later, used to

calculate the round budget for PTAS.

7. interfailtimeExp: We used Exponential distribution for the time interval be-
tween link failures. This value is the expected value for the Exponential distri-

bution.

8. repairtimeExp: We used Exponential distribution for the repair time of a failed

link. This value is the expected repair time value for Exponential distribution.

9. searchinterval: The time interval between the beginning times of search phases.
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Figure 4.3: One rack of compute nodes in the UNR Research Grid [7]

10. samplinginterval: During a search phase, an algorithm assigns a different set of
weights to the links. This argument represents the time interval between those

tries.

To run extensive experiments, we used the University of Nevada, Reno servers,
called “The UNR Research Grid”. According to their website (as of September 3rd,

2010) [7], the grid’s specifications are as follows:

e 149 compute nodes, with a total of 720 CPU Cores.
e Combined 1828 Gigabytes of RAM

e 24 Terabyte NAS (Network-attached storage)

We connected to the research grid via SF'TP remote connection. We installed
NS-2 on the grid and integrated our PTAS agent in it. In the research grid, we were

able to submit thousands of jobs at once by using automated scripts. Although there
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is no limit for the number of jobs we can submit, there is a limit of 577 for the number

of jobs which ¢

an run simultaneously. Once some of these 577 jobs complete, then

the jobs waiting in the queue are started. Algorithm 3 shows the outline of the script

we used for submitting our simulation jobs to the grid.

Algorithm 3 Grid script

1: #!/bin/bash

2: #$ -cwd

3: for argchoiceAlg in 012 3 4 do

4. for arglinkfail m 0123456789 do

5. for argseedin 123456789 10do

6: for tepDuration in 17280 do

7 for totalbudget in 360 720 1080 1440 1800 do

8: for numofrounds in 5 10 15 20 do

9: for inter failtimeExp in 5 10 20 30 40 50 100 200 400 800 do

10: for repairtimeFExp in 10 do

11: for searchinterval tn 2000 3000 4000 5000 do

12: for samplinginterval in 1 do

13: echo “#!/bin/bash

14: #$ -cwd

15: /home/gonenb/ns-allinone-2.35-RC7/ns-2.35/ns  ospfv2.tcl  $arg-
choiceAlg S$arglinkfail $argseed $tcpDuration $totalbudget $nu-
mofrounds  S$interfailtimeExp  $repairtimeExp  $searchinterval
$samplinginterval” > job-$argchoiceAlg-$arglinkfail-$argseed-
$tecpDuration-$totalbudget-$numofrounds-$interfailtimeExp-
$repairtimeExp-$searchinterval-$samplinginterval.sge

16: gsub job-$argchoiceAlg-$arglinkfail-$argseed-$tecpDuration-
$totalbudget-$numofrounds-$interfailtimeExp-$repairtimeExp-
$searchinterval-$samplinginterval.sge

17: end for

18: end for

19: end for

20: end for

21: end for

22: end for

23: end for

24:  end for

25: end for

26: end for
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4.2 PTAS with Separate System Model

In this section, we discuss our experimental results for PTAS with separate system
model on two well-known network problems. In subsection 4.2.1, we describe the
problem of interior gateway protocol (IGP) link weight optimization on realistic ISP
topologies and present its results. In subsection 4.2.2, we describe the optimization of
ad hoc wireless networks by tuning the data rates of traffic sources and also present

its results.

4.2.1 1IGP Link Weights Optimization

We mapped PTAS to a simulation-based IGP link weights optimization framework.
PTAS selects link weight values for links in the simulated topology and feeds them
to an NS-2 simulation of IGP routing. The metric to be optimized is the aggregate
throughput of the network. Initially, we randomly assigned some weights between
(0-100) to the links with a uniform distribution. Then we ran the simulation with
those link weights and let TCP traffic low for 100s. After each such simulation run,
we measured the aggregate throughput that was observed at the egress points of the
network topology, and sent the throughput value as “the metric” to PTAS. In the
next iteration, PTAS changed some of the link weights in the topology, and reran the
simulation. By repeating this iterative process up to an experiment budget, PTAS
tries to find the IGP link weights closer to the optimum.

To model the network, we used Rocketfuel’s three different topologies [3].

These topogies are:

1. Exodus topology: 22 nodes and 37 links exist (Figure 4.4).

2. Abovenet topology: 22 nodes and 42 links exist (Figure 4.6).



3. Sprint topology: 44 nodes and 83 links exist (Figure 4.8).

64
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Performance Evaluation on Exodus topology
To model the network, we used Rocketfuel’s Exodus topology [3], for which 22 nodes
and 37 links exist (Figure 4.4). We used 7 nodes as the edge nodes, and composed 6 x
7=42 TCP flows between those edge nodes. As the simulation metric to be returned
to the PTAS, we calculated the total number of bytes received at the sink nodes of
the TCP flows. We repeated the optimization process 30 times. Figure 4.5 shows the
average throughput achieved by each algorithm with 80% confidence intervals. We
observe that algorithms improve their link weights as the experiment budget increases.
PTAS outperforms the other three algorithms and its comparative performance edge

becomes more pronounced as the experiment budget increases.
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Performance Evaluation on Abovenet topology
To model the network, we used Rocketfuel’s Abovenet topology, for which 22 nodes
and 42 links exist (Figure 4.6). In an ISP network topology, usually 80% of the routers
are edge nodes and 20% of the routers are core routers. Therefore, we used 18 nodes
as the edge nodes, and we established TCP connections from each node to every other
node. That is 18 x 17=306 TCP flows between those edge nodes. As the simulation
metric to be returned to the PTAS, we calculated the total number of bytes received
at the sink nodes of the TCP flows. We ran simulations for each duration 30 times
and the values in the Y-Axis are the average throughput achieved for those 30 runs.
The results are very promising. For 4 out of 7 cases, the PTAS found the best result
among four search algorithms. For 3 out of 7 runs, the RRS [56] algorithm found
the best result, and PTAS found the second best result. We observe that algorithms
improve their link weights as the experiment budget increases. PTAS outperforms
the other three algorithms and its performance edge becomes more pronounced as
the experiment budget increases. Figure 4.7 shows the average throughput achieved

by each algorithm with 80% confidence intervals.
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Performance Evaluation on Sprint topology
To model the network, we used Rocketfuel’s Sprint topology, for which 44 nodes and
83 links exist (Figure 4.8). We used 36 nodes as the edge nodes and established TCP
connections from each node to every other nodes. That is 36 x 35=1260 TCP flows
between those edge nodes. As the simulation metric to be returned to the PTAS,
we calculated the total number of bytes received at sink nodes of the TCP flows.
To gain confidence, we run simulations for each duration 10 times. Figure 4.9 shows
the performance comparison of the algorithms for each of 10 runs. The numbers in
the X-Axis represent the random seed number used in that run. In this graph, the
simulation durations are 6300 seconds and as the number of rounds for PTAS, we
used four different values, i.e., 5, 10, 15, and 20. Therefore, the values in the Y-Axis
are the average of those four simulations for each seed number.

Figure 4.10 shows the performance comparison of the algorithms for different
experiment budgets with 80% confidence intervals. The values in the X-Axis represent
the number of samplings for each search algorithm. Because our sampling interval
time is one second, the total budget also corresponds to simulation durations in
seconds. In this graph, we used 10 rounds for PTAS and ran simulations for each
duration 10 times. The values in the Y-Axis are the average throughput achieved of
those 10 runs. The results are also good for this experiment. PTAS found either the
best result, or the second best result among four search algorithms. We also observe
that algorithms improve their link weights as the experiment budget increases. The
comparative performance edge of PTAS becomes more pronounced as the experiment

budget increases.
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4.2.2 Optimization of Ad Hoc Networks
In order to compare our PTAS algorithm with other three individual search algo-
rithms, we used NS-2 network simulator [2] to optimize a wireless ad hoc network
by tuning data rates of traffic sources. As the output metric to optimize, we use
aggregate throughput in the topology. Throughput is defined as the total number of
packets received by the destination successfully and is a measure of the effectiveness
of a routing protocol [17]. Some of the variables that affect throughput of a wireless
data communications system are transmission data rate, packet size, received signal
power, received noise power, channel conditions, and modulation technique [5].

Consider a scenario where some of the nodes are in the middle of the network
topology and are very close to each other whereas some other nodes are at the edges
of the network topology and are far away from most of the nodes. Assume that
we use the same transmission rate for every node in the network. If we set the
transmission rates sufficiently high for the edge nodes to transmit their data to other
nodes, then the middle nodes will experience high interference, thus corrupting the
total transmission. On the other hand, if we set the transmission rates sufficiently
low to reduce the interference in the middle nodes, then the edge nodes will not be
able to transmit their data to other nodes, thus reducing the total transmission. Our
goal here is to set optimum transmission data rates for each node in the network that
minimizes the packet loss and maximizes the total transmission in the network.

We run our experiments under two different scenarios. In the first scenario, we
created 4 nodes in a 700m x 700m area established UDP connections from each node
to every other node, i.e., 4 x 3=12 UDP connections. As for the traffic, we used CBR
(Constant Bit Rate).

For the second scenario, we created 10 nodes in a 700m x 700m area and
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established 8 UDP connections among the nodes. We used CBR for the traffic and

Ad hoc On Demand Distance Vector (AODV) as the routing protocol in both of the
scenarios.

We used the data rate of each UDP connection as the parameter for the search
algorithms to tune. The data rate level may cause interference in the environment
and thus affect the aggregate throughput achieved by the network. We used a lower
bound of 0.01 Mb and an upper bound of 2 Mb for the data rates of traffic sources
to tune. As the step size for search algorithms, we used 0.01Mb.

Figure 4.11 shows the results of experiments on 4 nodes and 12 UDP con-
nections for different budgets with 80% confidence intervals. The horizontal axis
represents number of samplings for each search algorithm. Because our sampling in-
terval time is one second, the total budget also corresponds to simulation durations
in seconds. The vertical axis represents the aggregate throughput in the network.
We ran simulations for each duration 10 times and the values in the figure are the
average of those 10 runs. The results are very promising. For 3 out of 5 cases, the
PTAS found the best result among three search algorithms. For 2 out of 5 runs, the
RRS [56] algorithm found the best result, and PTAS found the second best result. In
general, PTAS seems to provide a quick and effective way of selecting the appropriate
search algorithm for the problem at hand. In this particular case, RRS seems to
perform the best among the three search algorithms, and PTAS picks RRS for most
of the time and performs either better or very close to the performance of RRS.

Figure 4.12 shows the results of experiments on 10 nodes and 8 UDP connec-
tions for different runs. The horizontal axis represents run number of the simulations.
These run numbers are used as the seed for the random number generator of the sim-

ulator. The vertical axis represents the aggregate throughput in the network. The
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Figure 4.11: Results of experiments on 4 nodes and 12 UDP connections with different
budgets.

simulation duration for these experiments is 720 second. The results are also promis-

ing in this graph. Because of its hybrid nature, PTAS finds either the best or the

second best results in most of the cases.
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4.3 PTAS with No System Model

Online system optimization can be performed in two ways: (i) using a separate model
of the system for experimenting new configurations, (ii) using the system itself for
experimentation without a separate system model.

In the first version of PTAS [19], we took the former approach which is il-
lustrated in Figure 4.1. The framework included two cycles: an optimization cycle
and a deployment cycle. The deployment cycle takes place at a time scale where it is
possible to configure a new set of parameters in the actual network. The optimization
cycle iterates through a model of the system, for which we used a network simulator,
and attempts to find the best possible set of parameters for the next deployment
cycle. Hence, the frequency of the deployment cycle is smaller than the optimiza-
tion cycle. The underlying assumption in this approach is that the behavior of the
system-at-hand does not significantly change during at least one deployment cycle.
This assumption is generally true for networks with a lot of fixed components such as
backbone networks or wireless mesh networks. However, this approach fails when the
network system is dynamic with high failure rates or a variable demand profile. For
many practical networks, such as mobile ad-hoc networks (MANETS), the optimum
set of parameters is no longer optimum after a short period. Thus, it is not practical
to model such highly variant networks by simulations or other characterization tech-
niques. To address the management of such highly dynamic networks, we take the
model-free approach in this dissertation. We try to answer the key question of “Is it
possible and useful to use the actual network as the model and try out new parameter
configurations on the real network with the hope of finding better ones?”

Asillustrated in Figure 4.2, the optimization and deployment cycles are merged.



77
We essentially perform in-situ trials of new configurations in the network itself to find

better configurations. The key design issue is to search for better configurations with-
out disturbing or temporarily deteriorating the network’s performance. The intuitive
motivation is that the network’s performance may already be low since its dynamics
are constantly changing. However, it is also possible the network’s performance to be
noticeably disturbed as we search for better configurations.

Our approach employs two subsequent phases, search and no-search, where
new configuration parameters are tried during the search phase. Each search phase
is followed by a no-search phase with normal operation using the parameters found
in the last search phase. In this design, the following questions state some of the key

tradeofls:

e How frequent the search should be done?
e How long should the search phase be?

e How worse the search phase can temporarily make the system performance due

to its trials?

In the PTAS with no system model, we used an NS-2 simulator of a network to
emulate a real-time running system and attempted to optimize the IGP link weights
to obtain higher aggregate throughput. During the search phases, we used our black-
box optimization algorithm, called Probabilistic Trans-Algorithmic Search (PTAS),
to search for better IGP link weights. The PTAS framework can automatically de-
termine the best set of algorithms that should work on the problem-at-hand. It is
also adaptive to changes in the system behavior. This feature is especially useful
for systems involving unexpected failures causing the response behavior to change,

e.g., router or link failures in a network. We compared PTAS’ performance against
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three other black-box optimization algorithms: Recursive Random Search (RRS) [56],

Simulated Annealing (SA) [28], and Genetic Algorithm (GA) [18].

4.3.1 1IGP Link Weights Optimization

To illustrate the plausibility and efficiency of our two-phase approach, we applied our
framework on the setting of Interior Gateway Protocol (IGP) link weights.

We used NS-2 simulations of a sample IGP to mimic a physical network and
evaluate the performance of the two-phase optimization using PTAS with no system
model. We compared the performance of PTAS against the other three black-box
optimization algorithms: Simulated Annealing (SA) [28], Genetic Algorithm (GA)
[18], and Recursive Random Search (RRS) [56]. We used the Exodus topology from
the Rocketfuel dataset. There are 22 nodes and 37 links in the Exodus topology. We
identified 18 of the 22 nodes as edge nodes and established 18x17 = 306 TCP flows
between them. The goal was to maximize the aggregate throughput in the network,
which is calculated as the total number of bytes received at sink nodes of the TCP
flows. In our experiments, we picked 10 links to fail during the simulations, and ran
the experiments 10 times for each link to gain confidence with a different seed.

In our work with PTAS with separate system model [19], initially, we randomly
assign IGP link weights and run the simulation for a particular period. This period
is what we call as “total budget”, after which the metric to be optimized (e.g., the
aggregate throughput) is sent to PTAS. In the next round, PTAS changes the link
weights and runs the simulation again to obtain a new metric value based on the new
link weights. By repeating this iterative process for a pre-defined amount of time
(i.e., the deployment cycle in Figure 4.1), PTAS tries to determine the optimum set

of link weights. This method is appropriate when the objective function does not
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change during a complete deployment cycle.

In our work with PTAS with no system model, we do not run the network
simulator multiple times because we treat the simulator as the physical in real time.
We, again, define the optimization metric as the total number of bytes received at sink
nodes of the TCP flows within a time interval. We call this time interval the “sampling
interval” in our experiments. The number of metric samples to take is specified by
the “total budget”. The simulator returns the metric, aggregate throughput, for
the last sampling interval to the PTAS. Later, PTAS changes the link weights in the
topology. As a result of these link weight changes, the routing and the paths taken by
the TCP flows change, and thus the aggregate throughput changes. This framework
establishes a relationship between the sampling interval, the number of samples (i.e.,

total budget), and the search phase duration:

search_phase_duration = sampling_interval x total_budget

At the end of a search phase, the two-phase system deploys the parameters
which yield the optimum throughput. The system uses these link weights until the
next search phase begins. We call the time between the search phases the “deployment
phase”, or no-search phase, and it is related to the frequency of going into a search

phase:

no-search_phase_duration = 1/search_frequency

Figures 4.13- 4.16 illustrates aggregate throughput versus time for each algo-
rithm when they are applied within our two-phase optimization framework. The total

simulation duration is 17,280 seconds, and the no_search_phase_duration is 5,000 sec-
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onds. In order to simulate an unstable and dynamic environment, we randomly fail
links with an exponentially distributed inter-failure time and failure duration. As
can be observed, in some cases the throughputs after the search phases are worse
than the throughputs before the search phases. The reason is that the environment
is so unstable that link failures occur even during the search phases. We observed
that PTAS handles the link failures well and improves the throughputs, particularly
when the failures occur during the search phases. The average of the throughputs
for each of the sampling intervals shown in Figures 4.13, 4.14, 4.15, and 4.16 are
7,698.24, 7,322.22, 7,596.68, and 7708.21 for RRS [56], SA [28], GA [18], and PTAS,

respectively.
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Figure 4.13: Optimization of a real-time simulator by using RRS.
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Figure 4.14: Optimization of a real-time simulator by using Simulated Annealing.
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Figure 4.15: Optimization of a real-time simulator by using Genetic Algorithm.
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One important design tradeoff of our two-phase approach is to find an answer

to the question: How worse the search phase can temporarily make the system per-
formance due to its trials? The network’s performance can be disturbed when we
are searching for better configurations. Figures 4.13- 4.16 illustrate how worse the
search phase can temporarily make the system performance due to its trials. PTAS
and RRS achieve better throughput with slightly lower minimum throughput values
in comparison to GA [18] and SA [28]. This shows that GA [18] and SA [28] are
more exploitive algorithms. PTAS and RRS perform well in finding a good balance
between exploitation (i.e. higher average throughput) and exploration (i.e. lower min-
imum throughput); and they do not bring the average throughput to unreasonably
low values while trying to maximize it.

We also compared the performance of the PTAS with other algorithms on dif-
ferent link failure rates. Figure 4.17 shows the performance of the algorithms for var-
ious link failure frequencies. We used two different values for the number_of _rounds
parameter of PTAS: 5 or 10. As expected, the aggregate throughput decreases when
link failure frequency increases. Overall, PTAS performs similar to RRS [56] but
noticeably better than GA [18] and SA [28]. We repeated the simulations 20 times

with different seeds.
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A key tradeoff to be observed in the system is how frequently the system should

go into search phase. We used five different values of no_search_phase_duration:
1000, 2000, 3000, 4000, and 5000. We observed that based on how dynamic the
system 1is, there is an equilibrium point for PTAS. As we can see from Figure 4.18,
going into the search phase every 3000 time units seems to achieve the best results
for PTAS in this particular case. Going into search phase less frequently reduces
the aggregate throughput because the system is too dynamic and the optimum set
of parameters found in one search phase may not be optimum until the next search
phase, and going into another search phase more frequently than 1000 is needed. On
the other hand, going into the search phase more frequently than 3000 reduces the
aggregate throughput because according to “No Free Lunch” theorem, there is a cost
for the search phase. Because this is a black-box search, for some of the parameters
used, the system may result in low metric output, reducing the aggregate throughput.

The other key tradeoff to be examined is how long a search phase should last.
That is, what should the total_budget for a search phase be? We used four different
total_budget values: 300, 600, 900, and 1200. We observed that some algorithms
improve the overall average throughput when they are given longer search phase
intervals, while other algorithms degrade. Because the problem is a black-box problem
and that the PTAS is a hybrid search algorithm with better adaptivity, it tends to
outperform the other three algorithms regardless of the total budget. Lastly, a key
parameter for PTAS itself is what the number of rounds should be for PTAS. That is,
when PTAS is given a total budget to use in a search phase, into how many chunks
the PTAS should divide this budget? We used four different values: 4, 6, 8, and 10.
We observed that because of the fast dynamics of the system, PTAS tends to perform

better when the number of rounds increases. This is also illustrated in Figure 4.19.
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Chapter 5

Summary and Future Work

There are several algorithms tackling black-box problems, and some of these algo-
rithms are hybrid algorithms comprised of multiple algorithms. Our PTAS framework
presents a new approach in using a search algorithm to balance the experiment bud-
get among multiple algorithms. We show how to hybridize three search algorithms
with different characteristics such that some are good in exploration (Recursive Ran-
dom Search [56] and Genetic Algorithm [18]) and others are good in exploitation
(Simulated Annealing [28]).

We apply PTAS and three other search algorithms on six well-known objective
functions, and run a number of experiments by using different prime numbers as the
seed for random number generators. PTAS outperforms the other three algorithms
on average.

Automated configuration and management of highly dynamic networks is a
challenging problem for network practitioners. In this work, we used PTAS with no
system model and PTAS with separate system model [19], on hybrid black-box opti-

mization to adapt the search for changing network behavior. Using the system itself
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for experimentation without a separate system model, we perform in-situ trials in a
network for optimization. We investigate a two-phase online optimization framework
for network configuration and management. Our approach follows a pattern of two
subsequent phases, search and no-search, where new configuration parameters are
tried during the search phase. We explore some of the key tradeoffs in the two-phase
model, such as how frequent the search should be done, how long should the search
phase be, and how worse the search phase can temporarily make the system perfor-
mance due to its trials. We applied the two-phase optimization model on the IGP
link weight setting problem and observe the aggregate network throughput against
several parameters such as link failure rate, optimization algorithm, and total exper-
iment budget the search phases have. For such dynamic scenarios, we showed that
PTAS outperforms the individual algorithms by a sizeable margin on average. To
illustrate applicability of our framework on wireless ad hoc network, we used NS-2
network simulator to optimize wireless ad hoc network by tuning data rates of traffic
sources. The results are also promising. Because of its hybrid nature, the PTAS
found either the best or the second best results in most of the cases.

We compare PTAS with the three search algorithms when the network system
at-hand is very dynamic with factors, such as link failures and link recovery. PTAS

performs better, and adapts to the new system more quickly due to its hybrid nature.

5.1 Future Work

We plan to apply PTAS to MANETs (Mobile Adhoc Networks) to optimize the
throughput. We are planning to tune transmission data rates of traffic sources and

transmission power for optimization.
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Figure 5.1: AS A with connections to AS B and AS C [45].

We would like to apply PTAS to the Border Gateway Protocol (BGP) link
weights optimization problem. Internet traffic traverses several Autonomous Systems
(ASes) from source to the destination. These Autonomous Systems may connect to
each other at multiple locations. As we can see in the Figure 5.1, AS A let a customer
reach some destinations in AS B and C via router i. To improve the reliability and
performance, the ASes connect to each other at multiple locations. These ASes
exchange reachability information by using a protocol, called the Border Gateway
Protocol (BGP). Figure 5.1 shows that AS A and AS B connect to each other at two
locations. For directing the traffic from router i to dg, AS A has two possible egress
points (routers j and k). In this case, BGP routing decision depends on the cost of
the intradomain path to each egress router [45]. To avoid the congestions by load
balancing, we plan to apply PTAS to this problem to optimize the performance of
the network.

In this dissertation, we assume that the system-at-hand is black-box. However,
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in some systems, we may have some information about the system. Importing such
information into the PTAS will improve the optimization process. Being able to insert
information about the system into the PTAS remains as a future work.

We would like to add more search algorithms into PTAS. That way, we can pick
any number of search algorithms as we desire. We would like to analyze the mixture
of the algorithms. Some questions to be answered; “What would be a good mixture
for PTAS?”, “What would happen if we remove one particular search algorithm from

the mixture?”
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