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Online configuration of large-scale systems such as networks requires parameter optimiza-
tion within a limited amount of time, especially when configuration is needed as a
response to recover from 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 bud-
get 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 probabilistically reallocates the experiment budget for the next round proportional to
each algorithm’s performance relative to the rest of the algorithms. This ‘‘roulette wheel’’
approach probabilistically favors the more successful algorithm in the next round. Follow-
ing 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’’ and hybridize a set of search algorithms to attain a bet-
ter search. We use three individual search algorithms, i.e., Recursive Random Search (RRS)
(Ye and Kalyanaraman, 2004), Simulated Annealing (SA) (Laarhoven and Aarts, 1987), and
Genetic Algorithm (GA) (Goldberg, 1989), and compare PTAS against the performance of
RRS, GA, and SA. We show the performance of PTAS on well-known benchmark objective
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 Rocketfuel dataset. We
also apply PTAS on the problem of optimizing aggregate throughput of a wireless ad hoc
network by tuning datarates of traffic sources. Our experiments show that PTAS success-
fully picks the best performing algorithm, RRS or GA, and allocates the time wisely. Further,
our results show that PTAS’ performance is not transient and steadily improves as more
time is available for search.

� 2014 Elsevier B.V. All rights reserved.
proposed

http://crossmark.crossref.org/dialog/?doi=10.1016/j.comnet.2014.11.013&domain=pdf
http://dx.doi.org/10.1016/j.comnet.2014.11.013
mailto:bgonen@uwf.edu
mailto:ggunduz@pau.edu.tr
mailto:yuksem@cse.unr.edu
http://dx.doi.org/10.1016/j.comnet.2014.11.013
http://www.sciencedirect.com/science/journal/13891286
http://www.elsevier.com/locate/comnet


276 B. Gonen et al. / Computer Networks 76 (2015) 275–293
1. Introduction

Although there have been several tools and outcomes
[6] from research on large-scale network management,
network operators have found themselves more comfort-
able with trusting highly-experienced well-trained human
administrators. However, the complexity of the manage-
ment 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 manag-
ing a running network are vitally needed. The need for
automated management of networks is becoming more
pronounced for large-scale networks with many compo-
nents (e.g., routers, switches, proxies), potentially belong-
ing to a heterogeneous and diverse set of characteristics.
The number and diversity of the network components
can easily make it virtually impossible for human adminis-
trators to know and simply configure them. Further, auto-
mated response to dynamics such as failures or demand
spikes in mission-critical networks is crucial, particularly
when resources are constrained and efficiency is critical
to the networks mission. Backbone networks and emerging
wireless networks possess such characteristics. If response
to failures in a backbone network is not timely, millions of
customers using quality-demanding applications like VoIP
or IPTV could easily get disrupted. Likewise, the exploding
demand in mobile wireless traffic necessitate automated
response to varying demand (e.g., according to time of
day) in order to provide acceptable service out of the
highly scarce radio frequency (RF) bandwidth. In this
paper, 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 configuration of systems, minimization
of cost [7] or maximization of benefit [8]. 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.
Fig. 1 illustrates the black-box optimization approach to
problem solving. As the black-box 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 prob-
lem-independent comes typically as lack of optimality
guarantees in the solution. Problem-specific methods like
approximation algorithms [9], dynamic programming
[10] or divide-and-conquer [11] are more successful in
Fig. 1. Black-box optimization framework: content of the black-box is p
providing guarantees 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 parameter opti-
mization 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 lim-
ited time budget.

Black-box optimization algorithms must search for the
optimal solution by exploring and then exploiting the
response surface of the system. A critical design issue is
to balance the amount of time spent on exploration and
exploitation. Various black-box optimization search algo-
rithms have been designed with different balancing of this
tradeoff, e.g., Hill Climbing [12], Simulated Annealing [2],
Genetic Algorithms [3], or Random Search [13]. 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 configura-
tion can be quite difficult since reconfiguration of the
entire network may be needed upon a major failure. Two
critical aspects of this 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 experi-
ments 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 [14] favoring the more successful algo-
rithm 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 fail-
ures causing the response 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.,
roblem-specific whilst the optimization algorithm can be generic.
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Recursive Random Search (RRS) [1], Simulated Annealing
[2] (SA), and Genetic Algorithm [3] (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 function 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 pro-
tocol (IGP) link weights optimization on a realistic ISP
topology. Some of the network management and configu-
ration problems are problems mainly because of the scale.
For instance, it is a cumbersome process to re-configure.
1000 + routers with a new Virtual Private Network (VPN)
entry or to set up the Label-Switched Paths (LSPs) in such
a large network. But, such management tasks do not really
require optimization but merely a set of automated scripts
that make the configuration at large scale. We wanted to
pick a problem that not only involves scale but also, and
more so, optimization so that we could test the efficacy
of our PTAS framework. The IGP link weight setting prob-
lem is NP-hard [15] and requires very effective optimiza-
tion algorithms to tackle dynamics of the network.

Our framework include two cycles: optimization 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 optimiza-
tion 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 underlying assumption in this
approach is that the system-at-hand does not significantly
change during at least one deployment cycle. This assump-
tion is generally true for networks with many fixed compo-
nents such as backbone networks or wireless mesh
networks. We show that PTAS successfully finds intra-
domain routing configuration providing better throughput.

We then introduce a different version of PTAS and
investigate this two phase online optimization framework
for network configuration and management. This new
approach follows a pattern of two subsequent phases,
search and no-search, where new configuration parame-
ters 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 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 apply the two-phase optimiza-
tion model on the IGP link weight setting problem and
observe the aggregate network throughput against several
parameters such as link failure rate, optimization algo-
rithm, and total experiment budget the search phases
have.

1.1. Contributions and findings

In this paper, our contributions and findings can be
classified as follows:
� There are several algorithms tackling black-box prob-
lems, and some of these algorithms are hybrid algo-
rithms 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 [1] and
Genetic Algorithm [3]) and others are good in exploita-
tion (Simulated Annealing [2]).
� 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 and by an order
of magnitude in four out of six cases.
� 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 consider-
ably, but also outperforms other three search algo-
rithms 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 per-
forms better, and adapts to the new system more
quickly due to its hybrid nature. PTAS’ success is more
pronounced when the system-at-hand is more dynamic
with drastic changes rather than small ones.
� We outline a framework to apply PTAS for online man-

agement and configuration of a running network. We
show that a two-phase approach can reasonably be
used to optimize configuration of a running network
without causing significant harm to its performance.
� We apply PTAS to two hard problems in wireless and

wireline network management: (i) setting IGP link
weights to better load balance traffic so that more aggre-
gate network throughput is achieved, and (ii) setting
wireless traffic rates to minimize radio interference so
that higher aggregate network transmissions are
attained.

The rest of the paper is organized as follows: Section 2
reviews relevant work in the literature. Section 3 details
the PTAS framework. In Section 4, 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. Finally, we
summarize our work and discuss ideas about future
directions.
2. Related work

2.1. Online system optimization

System modeling and optimization have been very
fruitful fields of research resulting in significant advances
in science and engineering. There have been many studies



278 B. Gonen et al. / Computer Networks 76 (2015) 275–293
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 optimiza-
tion. The most common design approach of these tech-
niques is to be greedy and exploitive, e.g., steepest descent
or Newton’s gradient methods [16]. Most real-world appli-
cations of online optimization have dealt with software or
web systems with a passive and sample-based approach
[17] to model the recent behavior of the system at hand.

Diao et al. [18] introduced a framework including sev-
eral algorithms. They apply it to a running system to recon-
figure it by setting the parameters. They also apply their
framework to black-box problems without prior knowl-
edge about the system being optimized. In common with
our work, they also propose a generic approach to auto-
mating the optimizing configuration parameters task. By
generic, we mean that the approach is relatively indepen-
dent of the target system for which the optimization is
done. Unlike our approach, they handle interdependencies
between the configuration parameters. In our work, how-
ever, 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.

In their paper [19], Liu et al. introduce a method to
maximize profits in an e-commerce environment. When
creating their model, the output metric they use is reve-
nue. This revenue is based on the Quality-of-Service
(QoS) criteria 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. [20] describe a system that
performs online 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 algo-
rithm. 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 queueing mod-
els. Tronci et al. [21] 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.

A plethora of bandit algorithms have been proposed for
online optimization. Inspired by the problem of a gambler
trying to maximize his returns from multiple slot
machines, Auer et al. [22] studied multi-armed approaches
where each slot machine is considered to be a separate arm
with a different return function. The gambler runs the slot
machines each round (or play) and evaluates how to allo-
cate his resources to the slot machines during the next
round. This is the basic inspiration for our roulette wheel
approach as well; however, we consider transfer of solu-
tions among the algorithms which are analogous to the slot
machines in the bandit algorithm as proposed by Auer
et al. In followup work, distributed [23] and adversarial
[24] versions of the bandit problem in an online setting
were considered as well [25].
2.2. Large-scale system optimization

In many cases, complex real systems have large param-
eter ranges which generally causes combinatorial explo-
sion 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 chal-
lenge has been to find the right balance between exploita-
tion 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 [3]) with a local search strategy
based on the interior point method [26], using GA [3] for
global exploration and Ant Colony Optimization (ACO) for
local exploitation [27], combining a calculus-based method
with GA [28], mixing GA with Tabu Search [29] for solving
resource scheduling problems [30], mixing ACO with Sim-
ulated Annealing [2] for cluster analysis [31]. In [32], the
authors develop a hybrid method combining Adaptive Par-
tition-based Search (APS) [33] and Downhill Simplex Algo-
rithm (DSA) [34], where APS is used for exploration and
DSA for exploitation. Another hybridization was proposed
in [35], between GA and a stochastic variant of the simplex
method [34].

A crucial component of optimizing a running system is
the set of algorithms being used for system optimization.
Evolutionary algorithms [36] or heuristic search algo-
rithms are typical approaches to optimizing a large-scale
system with many parameters such as networks. Our PTAS
framework presents a new approach in using a search algo-
rithm to find a good way of balancing the experiment bud-
get among multiple algorithms.

Hutter et al. [37] describe an automatic framework for
the algorithm configuration problem. They provide meth-
ods for optimizing a target algorithm’s performance on a
given class of problem instances by varying a set of param-
eters. They cover a group of local-search-based algorithm’s
configuration procedures and introduces some techniques
to optimize them by adaptively changing the time to spend
for individual configurations. They studied the problem of
automatically configuring the parameters of complex, heu-
ristic 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 calcula-
tions are different.

2.3. Network optimization and management

Automated network management and configuration
has been of high interest in the research and ISP communi-
ties [6]. In [15], 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 [15]. In [38], Riedl et al. adopted objective
of routing optimization as the maximum link utilization
in the network. The latest development on the IGP link
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weight setting problem is RRS [6], and we show that PTAS
outperforms RRS on this critical problem.

Ye et al. [6] address the issues associated with the
dynamic optimization of OSPF weights. In our work, we
maximize aggregate network throughput. However, they
chose the packet loss rate in the network as the optimiza-
tion 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 GI/M/1/K queueing 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.

In a similar vein, Awerbuch et al. [39] established the
theoretical foundation for adaptive routing using online
distributed learning. Similar to ours, their approach also
considered rounds and after each round the end points
have the opportunity to learn the cost of the end-to-end
paths. Without focusing on a particular routing protocol
(like OSPF), they provided time bounds for the round-
based approach to converge to the best expected solution.

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. [40] 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 car-
rier sense threshold for optimization.

In [41], Aron et al. introduce a distributed topology con-
trol algorithm to reduce the energy consumption in wire-
less 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.
3. 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 algo-
rithms. 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
(Fig. 2), allocates the round budget among the three algo-
rithms 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 per-
formed in the second round, and so on. At the end of each
round, we transfer/exchange the best result(s) among the
algorithms.

Algorithm 1. PTAS Main Function.
1: while budget > 0 do
2: best1( Algorithm1ðroundbudget1Þ
3: best2( Algorithm2ðroundbudget2Þ
4: best3( Algorithm3ðroundbudget3Þ
5: recalculate round budgets based on performances
6: transfer bestOf(best1, best2, best3) to all three

algorithms
7: end while

Total budget: This is the total budget that we use for our
experiment. To calculate the output of an objective func-
tion for some given parameters, we use eval function. Call-
ing 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 [1], SA [2], and
GA [3]). This budget does not change for each round; how-
ever the budget each algorithm can get during a round is
based on how they performed compared to previous
rounds.

3.1. Budget allocator with roulette wheel

The crucial component of PTAS is to intelligently allo-
cate the budget to individual algorithms so that the overall
search performance is satisfactory. We use a ‘‘roulette
wheel’’ [14] method to re-allocate the round budget among
the individual algorithms. We call the PTAS component
doing this budget distribution as ‘‘budget allocator’’ (see
Fig. 2).

3.1.1. Hard vs. soft budget: explore vs. exploit
The budget allocator first splits the round budget into

two portions: hard ðRBhardÞ and soft ðRBsoftÞ. The hard
round budget is the portion that has to be equally distrib-
uted among the individual algorithms, and the soft round
budget is the portion that can be unequally distributed.
The soft budget is distributed to the algorithms based
on a roulette wheel, as illustrated in Fig. 5. The roulette
wheel gives each algorithm time budget based on their
performance.

The intuition behind dividing the budget into hard and
soft portions is to give each algorithm a chance to perform
in the next round. The roulette wheel soft budget allocation
may result in a situation where an algorithm receives no
time budget at all. That is, if an algorithm could not make
any improvement on the last observed best-so-far metric
value, then it will not receive any time budget from the
roulette wheel during the next round. So, the roulette
wheel will starve such poor performing algorithms.
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However, it is possible that an algorithm performs poorly
during the early part of the optimization process and
may perform well during the later part. For instance, an
exploratory algorithm may be really good during the early
stages of the optimization process [6], but an exploitation
algorithm may be better in the later stages. Further, if
the system behavior is dynamic and gives a varying
response during the online optimization process, then a
more dynamic adjustment of which algorithm should be
receiving more/less is needed. These are the motivating
reasons for the design of PTAS framework.

RBsoft acts as a knob for PTAS to tune the exploit-explore
balance. Higher RBsoft means that PTAS exploits and gives
more budget to algorithms that have recently been per-
forming well, but, this comes with a risk of getting stuck
to a few algorithms and loosing in the long-run. Yet, too
low RBsoft means that short-term gains may be missed. This
is a well-known tradeoff for most other optimization algo-
rithms in the literature, but the difference for PTAS is that
it uses RBsoft to search for the best search algorithm, each of
which could be exploration, exploitation or hybrid
algorithm.

Ideally, RBsoft should be tuned on the fly for each round.
Larger RBsoft will yield a more aggressive search for the best
algorithm and exploit short-term gains. A promising strat-
egy could be to quantify how much variant the perfor-
mances of individual algorithms and be more aggressive
if the algorithms have significant difference in how much
they improved the optimization metric in the recent
rounds. In this paper, we focused on proof-of-concept for
the PTAS framework and picked a fixed soft round budget
portion of RBsoft ¼ 60%, which is a relatively conservative
apportionment since only 60% of the whole round budget
is reallocated each time.
3.1.2. Soft budget allocation: a simple example
Before we lay down the PTAS’ budget allocation in full

detail, we give a simple example showing how the round
budget is allocated. Assume that three algorithms, RRS,
SA and GA, share a total budget of 24 units. Further,
assume that RBsoft ¼ RBhard ¼ 50%, which means the soft
round budget is 12 units.

Let’s assume that the best-so-far metric value attain
prior to the last round was 100. During the last round,
assume that RRS, SA and GA respectively reduced the met-
ric value to 60, 60 and 40. This means that RRS, SA and GA
respectively made 40%, 40% and 80% improvements during
the last round. Running these improvement amounts
through a roulette wheel, we normalize and obtain the
share of each algorithm from the soft round budget. For
RRS, the share from the soft budget is: 40/
(40 + 40 + 80) = 1/4. Likewise, the shares for SA and GA
are 1/4 and 1/2, respectively.

Since each algorithm gets an equal share from the hard
budget, they have 4 units by default. Adding their shares
from the soft budget, RRS, SA and GA receives 4 + 3, 4 + 3
and 4 + 6 units, respectively, from the total round budget.
This is illustrated in Fig. 4.

3.1.3. Soft budget allocation: a formal example
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 improve-
ment they achieved in the previous round. Fig. 3 illustrates
a sample scenario for how roulette wheel affects the bud-
get allocation among three algorithms.

We now describe how to apply the roulette wheel tech-
nique on the soft round budget allocation. Let the round
budget be B ¼ bRRS½i� þ bSA½i� þ bGA½i�, where bRRS½i�, bSA½i�,



Fig. 3. Sample budget allocation in five rounds.

Fig. 4. A simple budget allocation scenario: 12 hard and 12 soft budget
units. RRS, SA and GA respectively made 30%, 30% and 60% improvements
in the previous round.
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and bGA½i� are round i budget of RRS, SA, and GA respec-
tively. Further, let the best-so-far value found during round
i be D½i� ¼minðdRRS½i�; dGA½i�; dGA½i�Þ, where dRRS½i�; dGA½i�, and
dGA½i� 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:

TRRS½i� ¼
dRRS½i� 1� � dRRS½i�

dRRS½i� 1� � 100 ð1Þ

where dRRS½1�; dSA½1� and dGA½1�will be available at the end of
the first round. Also, we assume that all the algorithms’
best-so-far value is equal to the worst one obtained at
the end of the first round, i.e., dRRS½0� ¼ dSA½0� ¼ dGA½0� ¼
maxðdRRS½1�; dSA½1�; dGA½1�Þ.

T½i� ¼ TRRS½i� þ TSA½i� þ TGA½i�; i > 0 ð2Þ

The fractions are set to 1=n initially where n is the total
number of algorithms in the PTAS framework. For the
scenario at hand, the fractions are FRRS½1� ¼ FSA½1� ¼
FGA½1� ¼ 1=3. For round i, the fractions are calculated based
on RBhard and RBsoft . The expression below shows how to
calculate fraction for RRS:

FRRS½iþ 1� ¼ RBhard

n
þ TRRS½i�

T½i� � RBsoft ð3Þ

where the first term is the share of RRS from the hard
budget and the second from the soft budget.

To calculate the round budgets for the next round, we
multiply the total round budget with fractions
(FRRS½i�; FSA½i�, and FGA½i�) for each algorithm. For RRS:

bRRS½i� ¼ B� FRRS½i� ð4Þ

For example, assume that RRS improved from
dRRS½i� 1� ¼ 1000 to dRRS½i� ¼ 800 during round i. Then, by
using (1), TRRS½i� is (1000 � 800)/1000*100 = 20. Further,
let TRRS½i� ¼ 20; TSA½i� ¼ 10, and TGA½i� ¼ 0 and let the round
budgets in the current round be all equal to 100, i.e.,
bRRS½i� ¼ 100; bSA½i� ¼ 100; bGA½i� ¼ 100. Using (3),

FRRS½iþ1� ¼0:4=3þðTRRS½i�=T½i�Þ�0:6
FRRS½iþ1� ¼0:4=3þð20=30Þ�0:6¼0:4=3þ1:2=3¼0:53

Using (4),

bRRS½iþ 1� ¼ B� FRRS½iþ 1�
bRRS½iþ 1� ¼ 300� 0:53 ¼ 160

In more simple terms, RRS gets back two third of the
total soft round budget 180*20/30 = 120, SA gets back
one third 180*10/30 = 60. Because percentage improve-
ment of GA is zero, GA gets back nothing 180*0/30 = 0.
After this allocation, the round budgets become 160, 100,
and 40 for RRS, SA, and GA respectively.
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3.2. Transfer of best-so-far among algorithms

In PTAS, we run the three algorithms (RRS [1], SA [2],
and GA [3]) 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
algorithms also benefit from that sample by incorporating
it into their search. How this is accomplished is different
for each algorithm.

For the RRS [1], in each round, we spend some of our
budget for the exploration 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 explora-
tion 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 [2], 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 sim-
ulated annealing algorithm.

For the GA [3], in the first round, we generate samples
(i.e., individuals) randomly to form our population. In 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. Complexity of PTAS

If N algorithms are employed in the PTAS framework,
PTAS computational complexity to allocate time budget
at each round is OðNÞ. Considering the high-level PTAS
pseudo-code in Algorithm 1, lines 2–4 do not cause any
extra cost on top of what each algorithm already would
spend. Line 5 will be ØðNÞ as detailed in (1)–(4). Specifi-
cally, calculation of next round budgets for each algorithm
requires the calculation of relative performance percentage
improvement of each algorithm. This is a one step process
Fig. 5. Round budget allocatio
for each algorithm, and thus, it will N steps to calculate the
percentage improvements for N algorithms. Line 6 will also
be OðNÞ, which includes identification of best-so-far (the
best metric value found by N algorithms) in the last round
and then transferring the best-so-far to all algorithms. This
requires a total of 2N steps: N steps for identification of
best-so-far and then N steps for the transfer of best-so-
far to each individual algorithms state. Note that we are
assuming that this transfer of best-so-far to one of the
algorithms is constant and does not depend on N.

Since the main function in Algorithm 1 is called at every
round, the total time complexity of PTAS will be OðNKÞ if it
runs for K rounds. Note that this is an acceptable complex-
ity as long as the round budget is large, which is typically
the case since calculations in (1)–(4) are pretty simplistic
in comparison to what is to be done for experiments being
run by the algorithms in lines 2–4.

The memory complexity of PTAS will be independent of
K and will strictly be OðNÞ. This is because PTAS does not
store any historical performance data about the algorithms
except the last round. The only thing PTAS stores in addi-
tion to what is already being stored by the individual algo-
rithms is the best metric value found by each algorithm.
Since there are N algorithms, it will be N best values in total.
3.4. 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.

Fig. 6 shows a comparison of the four algorithms (i.e.,
RRS, SA, GA, and PTAS) when the objective function corre-
sponding to the black-box system does not change. Num-
ber of experiments is 9000. The best-so-far values in the
graph are average of five runs. We experimented with six
different benchmark objective functions. For four out of
the six different objective functions we tried, PTAS signifi-
cantly outperformed the three individual algorithms by
n: a formal illustration.
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Fig. 6. Comparison of PTAS with RRS, SA, and GA for six benchmark objective functions.
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large margins. For the other two functions (i.e., Ackley and
Rastrigin), PTAS was only slightly outperformed temporar-
ily which suggests that fine tuning of PTAS can still result
in better performance. Further, for those two 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.
3.5. 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 imitate this, we change the objective function
during the optimization search and return back to the ori-
ginal objective function. In large-scale real systems, there
may be small or drastic changes. We have experimented
both cases to illustrate how our PTAS handle drastic (Figs. 7
and 8) or small changes (Fig. 9). To show how it behaves
when there is a drastic change, we change objective func-
tion completely, such as SquareSumfunction) Rastrigin
) SquareSumfunction. To show how it behaves when there
is a small change, we shift the objective function.
Rastrigin) Rastrigin� SHIFTED) Rastrigin.

To shift an objective function, we subtract a constant
number from each parameter. For instance, for the Square
Sum function, we obtained its ‘‘shifted’’ version as follows:

f SquareSumðxÞ ¼
Xn

i¼0

x2
i Global min : f ðxÞ ¼ 0; xi ¼ 0; i ¼ 1 : n:
f SquareSum�SHIFTEDðxÞ ¼
Xn

i¼0

ðxi � CÞ2 Global min : f ðxÞ ¼ 0;

xi ¼ C; i ¼ 1 : n:

We, again, compare PTAS with the three individual
algorithms RRS [1], SA [2], and GA [3]. The total budgets
in our experiments are 9000. All of the optimization pro-
cesses in these experiments are for minimization. In order
to gain confidence, we run each experiment five times with
different seed numbers. The best-so-far values in the
graphs are average of five runs. In each run, an original
objective function is used for the first 3000 experiments.
Then a temporary objective function is used for the second
3000 experiments, and finally, the original objective func-
tion is used again for the third 3000 experiments.
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Fig. 8. More experiments on drastic change in the objective function.
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Fig. 7. A drastic change in the objective function.
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Fig. 7(a) shows a comparison of the four algorithms
when the objective functions are SquareSum ! Rastrigin
! SquareSum. As we observe from our previous
experiments (Fig. 6), PTAS outperforms for the SquareSum
function. In this case, because the first and third 3000
budget is SquareSum function, the PTAS outperforms as
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Fig. 9. Experiments on small changes in the objective function.
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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 (Fig. 6).

Fig. 7(b) shows a comparison of the four algorithms
when the objective functions are SquareSum! Griewangk
! SquareSum. As we observe from our previous experi-
ments (Fig. 6), PTAS outperforms for the SquareSum func-
tion. In this case, because the first and third 3000 budget is
SquareSum function, the PTAS outperforms. Also from our
previous experiments (Fig. 6), we observe that PTAS out-
performs in Griewangk function. Because the objective
function is Griewangk function in the second 3000 budget,
PTAS outperforms in that period. These results are consis-
tent with the results of our previous experiments. The rest
of figures (from 8(a) to (f)) shows that the results are con-
sistent with our previous experiments.

To illustrate how our PTAS handle small changes, we
first chose SquareSum objective function. Fig. 9(a) shows
a comparison of the four algorithms when the objective
functions are SquareSum! SquareSum-Shifted! Square-
Sum. As we observe from our previous experiments
(Fig. 6), 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 our
previous experiments. The rest of the figures (from 9(b) to
(f)) shows consistent results with our previous experi-
ments. These results clearly show that PTAS can much bet-
ter adapt to major changes in the system response by
reallocating budget to better algorithm(s) after a change
in the system response.

4. Online optimization of networks with PTAS

As the size, dynamism and diversity of network compo-
nents are increasing, the problem of finding the best con-
figuration 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-expe-
rienced human administrators for network configuration
and management. However, automated ways of managing
and configuring networks are essential for scaling this



Fig. 10. Optimization with different type of systems.
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practice for highly dynamic, heterogeneous and large
networks.

Tools and methods to achieve automated management
and configuration of a running network are vitally needed.
Being able to tune and configure a running network or sys-
tem 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: (i) using a separate model
of the system for experimenting and trying new configura-
tions (shown in Fig. 10(a)), or (ii) using the system itself for
experimentation without a separate system model (shown
in Fig. 10(b)). The former approach is appropriate for the
cases when the system is stable and exhibits the same or
similar behavior over long periods of time. Such stable sys-
tems can be characterized by accurate models. For
instance, backbone networks or wireless mesh networks
with stable links and non-variant traffic profile give pretty
fixed response, and can, thus, be accurately modeled over
long time periods. Our first version of PTAS, called PTAS
with separate system model, explored optimization of such
networks for very hard configuration problems such as
Interior Gateway Protocol (IGP) link weight setting for load
balancing [6].

However, for systems with highly dynamic behavior, it
is not practical to accurately capture system’s response
with a model. Modeling of the real system becomes
impractical since the system behavior changes frequently.
Thus, the latter approach 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 configura-
tions 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 should be able to adapt to
the changes in the objective function by applying the right
search algorithms for newly arising system response due
to the 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 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. 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 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 performance due
to its trials. 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 the search phases have.
4.1. PTAS with separate system model

The goal of intra-domain traffic engineering is to utilize
the network resources in an autonomous system (AS) in
more efficient way. 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. These are 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 calculates shortest paths
from themselves to others routers in the autonomous sys-
tem. Then, they put these values into their destination
tables.By tuning the IGP link weights, the network opera-
tors try to change what these routers calculate as the
shortest paths and thus balance the traffic load on individ-
ual links of their ASes. This is a quite complicated problem.
For example, the OSPF weight-setting problem is shown to
be NP-hard [15].

We mapped PTAS to a simulation-based IGP link
weights optimization framework. PTAS selects a link
weight value for each link in the simulated topology and
feeds them to an NS-2 simulation of IGP routing. The met-
ric to be optimized is the aggregate throughput of the net-
work. Initially, we randomly assigned some weights
between 0 and 100 to the links with a uniform distribution.
Then, we ran the simulation with those link weights and
let TCP traffic to flow for 100s. After each such simulation
run, we measured 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 iter-
ation, PTAS changes some of the link weights in the topol-
ogy, and runs the simulation again. 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 dif-
ferent topologies:

1. Exodus topology: 22 nodes and 37 links exist.
2. Abovenet topology: 22 nodes and 42 links exist.
3. Sprint topology: 44 nodes and 83 links exist.
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Fig. 11. Results on Exodus topology with different experiment budgets.

Fig. 12. Results on Abovenet topology with different experiment budgets.

Fig. 13. Results of experiments on Sprint topology with different random
seeds for each run (The y-axis is zoomed to a small range of values).

Fig. 14. Results of experiments on Sprint topology with different exper-
iment budgets.
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4.1.1. Performance evaluation on Exodus topology
Rocketfuel’s Exodus topology has 22 nodes and 37 links.

We used 7 nodes as the edge nodes, and composed
6� 7 ¼ 42 TCP flows between those edge nodes. As the
simulation metric to be returned to the PTAS, we calcu-
lated total number of bytes received at sink nodes of the
TCP flows. We repeated the optimization process 30 times
to gain confidence. Fig. 11 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
becomes more pronounced as the experiment budget
increases.

4.1.2. Performance evaluation on Abovenet topology
Rocketfuel’s Abovenet topology has 22 nodes and 42

links. In an ISP network topology, usually 80% of the rou-
ters 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
nodes. That is 18� 17 ¼ 306 TCP flows between those
edge nodes. As the simulation metric to be returned to
the PTAS, we calculated total number of bytes received at
sink nodes of the TCP flows. To gain confidence, we run
simulations for each duration 30 times. Therefore, the val-
ues in the Y-axis are the average throughput achieved of
those 30 runs. The results are very promising. At 4 out of
7 cases, the PTAS found the best result among four search
algorithms. At 3 out of 7 runs, the RRS [1] 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 comparative performance
becomes more pronounced as the experiment budget
increases. Fig. 12 shows the average throughput achieved
by each algorithm with 80% confidence intervals.

4.1.3. Performance evaluation on Sprint topology
Rocketfuel’s Sprint topology has 44 nodes and 83 links.

We used 36 nodes as the edge nodes, and we established
TCP connections from each node to every other nodes. That
is 36� 35 ¼ 1260 TCP flows between those edge nodes. As
the simulation metric to be returned to the PTAS, we calcu-
lated total number of bytes received at sink nodes of the
TCP flows. To gain confidence, we run simulations for each
duration 10 times. Fig. 13 shows the performance compar-
ison of the algorithms for each of 10 runs. Numbers in the
X-axis represent the random seed number used in that run.
In this graph, the simulation durations are 6300 s. And as
the number of rounds for PTAS, we used four different val-
ues, 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.

Fig. 14 shows the performance comparison of the algo-
rithms for different experiment budgets with 95% confi-
dence intervals. The values in the X-axis represent the
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number of samplings for each search algorithm. Because
our sampling interval time is one second, total budget also
corresponds to simulation durations in seconds. In this
graph, as the number of rounds for PTAS, we used 10. Also
for this graph, we run simulations for each duration 10
times to gain confidence. Therefore, the values in the Y-axis
are the average throughput achieved of those 10 runs. The
results are also good here. PTAS found either the best
result, or the second best result among four search algo-
rithms. We also observe that algorithms improve their link
weights as the experiment budget increases. Comparative
performance of PTAS becomes more pronounced as the
experiment budget increases.
4.1.4. Optimization of ad hoc networks
In order to compare our PTAS algorithm with other

three individual search algorithms, we used NS-2 network
simulator to optimize a wireless ad hoc network by tuning
data rates of traffic sources. As the output metric to opti-
mize, we use aggregate throughput in the topology.
Throughput is defined as total number of packets received
by the destination successfully. It is a measure of effective-
ness of a routing protocol 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.

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 high
enough that the edge nodes can 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 low enough
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 nodes in
the network that minimizes the packet loss and maximizes
the total transmission in the network.
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Fig. 15. Experiments on different number of nodes and UDP con
We run our experiments on two different scenarios
using IEEE 802.11 as the multi-access protocol and AODV
as the routing protocol. In the first scenario, we created 4
nodes each with 100 m transmission range in a
700 m � 700 m area. And we established UDP connections
from each node to every other node. That is 4� 3 ¼ 12 UDP
connections. As for the traffic, we used CBR (Constant Bit
Rate).

For the second scenario, we created 10 nodes in a
700 m � 700 m area. And we established 8 UDP connec-
tions among the nodes. As for the traffic, we used CBR.
We used data rate of each UDP connection as the parame-
ter 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. The
lower bound and upper bound for the data rates of traffic
sources to tune, we used 0.01 Mb and 2.00 Mb respec-
tively. As the step size for search algorithms, we used
0.01 Mb.

Fig. 15(a) shows the results of experiments on 4 nodes
and 12 UDP connections for different budgets with 80%
confidence intervals. X-axis represents number of sam-
plings for each search algorithm. Because our sampling
interval time is one second, total budget also corresponds
to simulation durations in seconds. Y-axis represents
aggregate throughput in the network. To gain confidence,
we run simulations for each duration 10 times. Therefore,
the values in the Y-axis are the average of those 10 runs.
The results are very promising. At 3 out of 5 cases, the PTAS
found the best result among three search algorithms. At 2
out of 5 runs, the RRS [1] 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.

Fig. 15(b) shows the results of experiments on 10 nodes
and 8 UDP connections for different runs. X-axis represents
run number of the simulations. These run numbers are
used as the seed for the random number generator of
the simulator. Y-axis represents aggregate throughput in
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the network. The simulation duration for these experi-
ments is 720 s. The results are also promising in this graph.
Because of its hybrid nature, the PTAS finds either the best
or the second best results in most of the cases.

4.2. PTAS with no system model

In this version of PTAS, the optimization and deploy-
ment cycles are merged as illustrated in Fig. 10(b). 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 without
disturbing or temporarily deteriorating the network’s
existing performance. The intuitive motivation is that the
network’s performance may already be low since its
dynamics are pretty much constantly changing. However,
it is also possible that the network’s performance might
get noticeably disturbed when we are searching 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 fol-
lowed by a no-search phase with normal operation using
the parameters found in the latest search phase. In this
design, the following questions state some of the key
tradeoffs:

� How frequent the search should be done?
� How long should the search phase be?
� 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 sys-
tem 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 find out 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 espe-
cially 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 three other black-box optimization algorithms:
Recursive Random Search (RRS) [1], Simulated Annealing
(SA) [2], and Genetic Algorithm (GA) [3].

To illustrate plausibility and efficiency of our two-
phase approach, we apply our framework on the setting
of Interior Gateway Protocol (IGP) link weights. We used
NS-2 simulations of a sample IGP to mimic a real network
and evaluate the performance of the two-phase optimiza-
tion using PTAS with no system model. We used 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
18�17 = 306 TCP flows between them. The goal is to max-
imize 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 exper-
iments 10 times for each link to gain confidence with a
different seed.

Initially, we randomly assign IGP link weights and run
the simulation for a particular amount of time. This
amount of time is what we call as ‘‘total budget’’, after
which the metric to be optimized (e.g., the aggregate
throughput) is sent to the 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., deployment cycle in
Fig. 10(a)), PTAS tries to come up with a set of link weights
resulting in the optimum metric. This method is appropri-
ate when the system is stable in its behavior, and thus the
objective function does not change during a complete
deployment cycle.

We do not run the network simulator multiple times
because we treat the simulator as the real running real sys-
tem. 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 as ‘‘sam-
pling interval’’ in our experiments. The number of metric
samples to take is specified by ‘‘total budget’’. The simula-
tor returns the metric, aggregate throughput, for the last
sampling interval to the PTAS. Afterwards, 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 scheme of relation-
ship between the sampling interval, the number of sam-
ples (i.e., total budget), and the search phase duration:

search phase duration ¼ sampling interval � total budget

At the end of a search phase, the two-phase system
deploys the best-found parameters which yield the opti-
mum throughput. The system uses these link weights until
the next search phase begins. We call the time between the
search phases as ‘‘deployment phase’’, or no-search phase,
and is related to the frequency of going into a search
phase:

no search phase duration ¼ 1=search frequency

Fig. 16(a)–(d) illustrates aggregate throughput versus
time for each algorithm when they are applied within
our two-phase optimization framework. Total simulation
duration is 17,280 s. The no search phase duration is
5000 s. In order to simulate an unstable and dynamic envi-
ronment, we randomly fail links with an Exponentially dis-
tributed 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
Fig. 16(a), (b), (c), and (d) are 7698.24, 7322.22, 7596.68,
and 7708.21 for RRS [1], SA [2], GA [3], and PTAS,
respectively.
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Fig. 16. Optimization of a real-time simulation by using different algorithms.

Fig. 17. Comparison of PTAS with RRS, SA, and GA over different link failure frequencies (The y-axis is zoomed to a small range of values).
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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 perfor-
mance due to its trials? It is possible that the network’s per-
formance might get disturbed when we are searching for
better configurations. Fig. 16(a)–(d) illustrate also how
worse the search phase can temporarily make the system
performance due to its trials. PTAS and RRS and achieving
better throughput with a little bit lower minimum
throughput values in comparison to GA [3] and SA [2]. This
shows that GA [3] and SA [2] are more exploitive algo-
rithms. PTAS and RRS perform well in finding a good bal-
ance between exploitation (i.e. higher average
throughput) and exploration (i.e. lower minimum through-
put); 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 different link failure rates. Fig. 17
shows the performance of the algorithms for various 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 fre-
quency increases. Overall, PTAS performs similar to RRS
[1] but noticeably better than GA [3] and SA [2]. To gain
confidence, we repeated the simulations 20 times with dif-
ferent seeds.

A key tradeoff to be observed in the system is how fre-
quently 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 is, there is an equilibrium point for
PTAS. As we can see from Fig. 18, going into the search



Fig. 18. Comparison of PTAS with RRS, SA, and GA over different
subsequent search phase intervals (The y-axis is zoomed to a small range
of values).

Fig. 19. Comparison of PTAS with RRS, SA, and GA for using different
search phase lengths and different number of rounds for PTAS (The y-axis
is zoomed to a small range of values).
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phase in 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 opti-
mum 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 fre-
quently 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 inter-
vals, 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 algorithm 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 instability of the system, PTAS tends to perform
better when the number of rounds increases. This is also
illustrated in Fig. 19.
5. Summary and future work

Automated configuration and management of highly
dynamic networks is a challenging problem for network
practitioners. In this work, we presented a hybrid black-
box optimization framework, PTAS, for network manage-
ment and configuration. We investigated two approaches
for the framework: PTAS with separate system model and
PTAS with no system model to adapt the search for changing
network behavior.

Following the former approach, we implemented the
PTAS framework by using three individual search algo-
rithms. By experimenting with benchmark objective func-
tions, we compared our PTAS framework with the
performance of individual algorithms. The results show
that, on most of the objective functions, PTAS performed
significantly better than the individual algorithms. For four
out of the six different objective functions we tried, PTAS
significantly outperformed the three individual algorithms
(RRS, SA and GA) by at least one order of magnitude. We
also explored the scenarios when the objective function
in the black-box changes during the optimization process.
For such dynamic scenarios, we showed that PTAS outper-
forms the individual algorithms by a significant margin.
When the change in the objective function is drastic, PTAS
clearly outperformed the individual algorithms in all 8 dif-
ferent cases we tried. When the change in the objective
function is small, however, PTAS’ performance was less
pronounced with a clear success against the individual
algorithms in 4 out of 6 cases. We also applied PTAS on
the well-known network configuration problem of IGP link
weight setting and showed that PTAS outperforms the
individual algorithms on that problem as well. Similar to
its performance on the benchmark objective functions,
PTAS outperformed the individual algorithms on the IGP
link weight setting problem by a margin getting larger as
the total experiment budget increases. This indicates that
PTAS’ success is not spotty and grows larger as more
resources become available. PTAS successfully allocated
more budget to the best performing algorithm, picking
RRS or GA for most of the time.

For the latter approach, using the system itself for
experimentation without a separate system model, we
performed in situ trials in a network for optimization.
We investigated a two-phase, search and no-search, online
optimization framework for network configuration and
management. We explored some of the key tradeoffs in
the two-phase model, such as how frequent and how long
the search phase should be and how much the search
phase can temporarily worsen the system performance
due to its trials. We applied the two-phase model on the
IGP link weight setting problem and observed the aggre-
gate throughput against several parameters such as link
failure rate and total experiment budget the search phases
have. For such dynamic scenarios, we showed that PTAS
outperforms the individual algorithms by a sizable margin
on average. In particular, PTAS performed similar or sizably
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better than RRS while significantly better than GA and SA.
This indicates that PTAS picked the best algorithm, RRS,
pick during the search phases. To illustrate applicability
on wireless network management scenarios, we applied
the two-phase PTAS framework to optimize a wireless ad
hoc network by tuning data rates of traffic sources. Because
of its hybrid nature, the PTAS found either the best or the
second best results in most of the cases.

Future work includes a deeper understanding and cus-
tomization of tradeoffs in PTAS design. For instance, tuning
the aggressiveness of PTAS is possible by changing hard vs.
soft budget ratio. We used 60% soft budget reallocation,
and trying more aggressive approaches may prove benefi-
cial. Also, a better understanding of the contribution of
transfer of the best solution(s) among the algorithms to
PTAS’ performance will help in designing more custom
solutions to specific problems.

We used three global optimization algorithms, RRS, SA
and GA for experimentation. The main reason for this
selection has been to work with a selection of algorithms
that represent the explore-exploit dimension. GA is a good
exploratory algorithm, SA is a good exploitation algorithm,
and RRS is a good hybrid with a tendency for exploration.
We believe that there needs to be at least three such algo-
rithms for PTAS to work well. But, it will be insightful to
work with more and different algorithms representing
the explore-exploit dimension at finer granularity. For
example, hill-climbing is an extreme exploitation algo-
rithm and may prove to be better to include in the frame-
work. Also, it will be useful to find out if inclusion of more
than 3 algorithms helps or not. Inclusion of more bio-
inspired algorithms, like swarm intelligence and ant colony
optimization, may prove better. Since bio-inspired algo-
rithms are generally evolutionary, they tend to attain a
better balance of explore and exploit. In most cases, such
balanced algorithms are the ones that are more successful
in solving the real world optimization problems. Lastly,
applying PTAS to other hard problems in network manage-
ment (e.g., Border Gateway Protocol (BGP) link weights
optimization) is worthy to explore.
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