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Abstract—Online configuration of large-scale systems such as Optimization Algorithm
networks require parameter optimization to be done within a (e.g. RRS)
limited amount of time. This time limit is even more pressing Problem-Independent
when configuration is needed as a recovery response to a faiu  Problem-Specific

in the system. To quickly configure such systems in an online AR —— Black-Box mztgglg’crted

manner, we propose a Probabilistic Trans-Algorithmic Seach select a sample System sample
(PTAS) framework which leverages multiple optimization sarch
algorithms in an iterative manner. Essentially, PTAS apples a
search algorithm to find out how to best distribute availableex- Fig. 1.  Black-box optimization framework: Content of theatk-box is
periment budget among multiple optimization search algorihms.  problem-specific whilst the optimization algorithm can tEneic.

Specifically, PTAS allocates experiment budget to each avable ) . . .

search algorithm and observes each algorithm’s performane ©OF maximum) output metric value. Figure 1 illustrates the
on the system-at-hand. PTAS then probabilistically reallcates black-box optimization approach to problem solving. As the

the experiment budget for the next round proportional to an  plack-box optimization is generic, the domain of applieabl
algorithm’s performance. This “roulette wheel” approach proba- problems is vast as long as the output response of the problem

bilistically favors the more successful algorithm in the ne&t round. t b dt inal tric. Th . f bei
Following each round, the PTAS framework “transfers” the best System can be mapped 10 a singie metric. The price of being

found result(s) among the individual algorithms, making ou generic and problem-independent comes typically as lack of
framework “trans-algorithmic”. PTAS thus aims to systematize optimality guarantees in the solution. Problem-specifithme

how to “search for the best search”. We .ShOW th(.-',“ per_formance ods like approximation algorithms [4], dynamic programgnin
of PTAS on well-known benchmark objective functions includng [5] or divide-and-conquer [6] are more successful in prangd

scenarios where the objective function changes in the midel ¢ hing the alobal obti H th
of the optimization process. To illustrate applicability of our guarantees approaching the giobal optimum. Rowever, these

framework to automated network management, we apply PTAS Problem-specific methods may take long time to find a solution
on the problem of optimizing link weights of an intra-domain and typically require the whole search process to comptete f

routing protocol on a topology obtained from Rocketfuel dagset. g solution. Most of the real-time systems like an ISP network
require parameter optimization to be done 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.

The black-box optimization algorithms have to search for
Though there has been several tools and outcomes [1] frame optimal solution by exploring and then exploiting the
research on large-scale network management, network opesponse surface of the system. A critical design issue is
ators have found themselves more comfortable with trustimg balance the amount of time spent on exploration and

highly-experienced well-trained human administratorewH exploitation. Various black-box optimization search altions
ever, the complexity of the management and configuratitvave been designed with different balancing of this traideof
problem is increasing due to increasing heterogeneity d@ng., Hill Climbing [7], Simulated Annealing [8], Genetic
substrate technologies as well as applications demand Adgorithms [9], or Random Search [10]. Some of the search
more stringent performance targets. Thus, tools to achieafgorithms may perform better than other search algorithms
automated ways of managing a running network are vitaliyn the same black-box problem depending on the response
needed. In this paper, we present a new black-box optiroizatisurface.
algorithm for automated management and configuration ofAutomating a network’s management and configuration can
networks. be quite difficult since reconfiguration of the entire netkor
Global optimization is a commonly used technique fomight be needed upon a major failure. Two critical aspects
close-to-optimal configuration of systems, minimizatioh oof the problem are: (i) network failures must responded very
cost [2] or maximization of benefit [3]. One method of globatjuickly and (ii) the network’s optimal configuration can be
optimization is known as “black-box” optimization, whichquite different than the prior ones as the failures might
considers the problem-at-hand as a black box and searchage caused a significant change in the network’s behavior
for optimal parameter setting yielding the best (i.e., mnm (i.e., a major change in system response). To achieve fast

Index Terms—black-box optimization; network management;
network protocol configuration
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and adaptive network system configuration, we propose a ., .. _
Trans-Algorithmic Search (PTAS) framework which leveraige :

System

. . . . . _—>Parameter 2— BJlack-Box
multiple search algorithms in an iterative manner. PTAS a . Response

locates experiment budget (i.e., the number of experiments System
an algorithm can make to optimize the black-box system) to e =t
each available search algorithm and observes the success [of " _ Metric

them on the problem. Depending on their successes, PTA

—

Uro

reallocates the experiment budget for the next round. We CummBestS‘;Far
make this reallocation based on a roulette wheel approddh [1
favoring the more successful algorithm more in the next doun g;;‘;s;:}ft alzouthmz] —
Following each round, the PTAS framework allows “transfer] Budget
of best found results among the algorithms being used, which Allocator | Algorithm#2
makes our framework a “trans-algorithmic” one. 1
The PTAS framework can automatically find out the best o
set of algorithms that should work on the problem-at-hand
It is also adaptive to changes in the system behavior. This | BestSoFar

feature is especially useful for systems involving unexpec

failures causing the response behavior to change, e.gerrou

or link failures in a network. We implement our hybrid search Parameter Adjustments

framework, by using three search algorithms, i.e., Reearsi

Random Search (RRS) [12], Simulated Annealing (SA), aridd- 2. Trans-Algorithmic Search for real-time system ng@ment: Each

Genetic Algorithm (GA). We show that PTAS can outpelgg;r(;rr:zgrtr;rc\e/igcte;g?rlment with the black-box system by yyout different

form 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 proses . . . .

and show that PTAS outperforms a singleton algorithm mof$ 9reedy algorithms, divide-and-conquer strategies abyo

pronouncedly. Lastly, we apply PTAS on the problem dfrogramming [16] and A* algorithms [13].

interior gateway protocol (IGP) link weights optimization a A large set of techniques for complete solutions is the class

realistic ISP topology and show that PTAS successfully find¥ evolutionary algorithms [17] or heuristic search algfomis.

intra-domain routing configuration providing better thghu [N many cases, complex real systems have large parameter

put. ranges which generally causes combinatorial explosiohen t
The rest of the paper is organized as follows: In Section flumber of possible metric outcomes of such systems. The

we cover prior work related to PTAS. In Section I, wechallenge is to search through such large parameter spaces

detail our PTAS framework. In Section IV, we present oufith minimal trials to get maximal information about the

comparative performance of PTAS against three other hauriQlobal solutions. Several realistic systems, such as nm&two

algorithms. Section V presents application of PTAS on thie |@@rotocols in the Internet, can easily have parameter counts

link We|ghts Optimization prob|em_ We’ then’ summarize Ouf] the order of mi”ions, a.k.a. curse of dimenSionality.eTh
work in Section VI. design challenge has been to find the right balance between

exploitation and exploration of parameter spaces. In this
Il. RELATED WORK respect, hybrid designs have received a lot of attentiom fro
Numerous methods have been innovated to attack h&ggearchers. Such hybrid designs included merging of &igene
optimization problems in practical systems as well as to @hoclgorithm (GA) with a local search strategy based on the in-
them. From a systems management perspective, optimizatiefor point method [18], using GA for global explorationdan
means to determine the region of the parameter state spetce Attt Colony Optimization (ACO) for local exploitation [19],
leads to the “best” performance response. Typically, sthee combining a calculus-based method with GA [20], mixing
system’s response surface is unknown, this question faits i GA with Tabu Search [21] for solving resource scheduling
the broad area of systematic, heuristic problem solving. [1®roblems [22], mixing ACO with Simulated Annealing for
The main issues in problem solving involves developing diuster analysis [23]. In [24], authors develop a hybrid moet
understanding of the difficulty of a problem: size of the shar combining Adaptive Partition-based Search (APS) [25] and
space, accuracy and ease of the evaluation function, and Ewnhill Simplex Algorithm (DSA) [26], where APS is used
nature of the problem constraints. In terms of being conepldr exploration and DSA for exploitation. Another hybrieliz
or partial solutions, techniques like Exhaustive Searagal tion was tried, in [27], between GA and a stochastic variant
Search [14], Linear Programming [15] belong to the formelf simplex method [26].
group, and give useful, though sub-optimal results, evenOur PTAS framework presents a new approach in using
though the solution process is interrupted. There are abvea search algorithm to find the right way of balancing the
well-known techniques belonging to the latter group, sudxperiment budget among multiple algorithms. The PTAS
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. . . . . Total Budget: 1500
design is generic and can work with any number of algorithm&ma sudget 300

. . . Alg-1 Alg-2 Alg-3
as long as the algorithms work with complete solutions. [Round busgetsocated T -
Automated network management and configuration has bg®@gynd-1 [Best result found _ 5000 | 4500 [ 4000 BAG2
. . . . Best result 4000 is propagated among the algorithms. DAlg3
of high interest in the research and ISP communities. [1] [ Round budgetallocated | 80 | 100 | 120 —

Best result found | 4000 | 3950 | 3800

120, 0
[28], the authors proposed a solution to set the link we|ght§°“"“|_ e T o s e @ e
: ¢

of interior gateway protocols (IGPs) according to the given, . [Round budget allocated I 2o I o0 I ]
network topology and traffic demand so as to control intra-

Best result 3200 is propagated among the algorithms.

. . . . . . . R d budget all ted 60 110 130
domain traffic and meet traffic engineering objectives. TH@ounds (el 20— T 2o o
. . . . ji it DAIg-;
IGP link weight setting problem is known to be NP-hard [29}: Rt bt ey oate s among Iz aoiime, 1 -
innti i i Round-5 [Best result found [ 1800 | 2300 | 2500 -
In [30], the authors adopted objective of routing optimiaat u CICTCTCN W . @ mna2

as the minimization of the maximum link utilization in the
network. Likewise, in [31], the authors proposed a hybrid ge

netic algorithm incorporating a local improvement proaedu For our PTAS experiments in this paper, we used three
to the crossover operator of the genetic algorithm. Thelloc@gorithms as the individual algorithms available withiret
improvement procedure makes use of an efficient dynanRTAS framework:

shortest path algorithm to recompute shortest paths dfeer t Recursive Random Search (RRS)The RRS algorithm
modification of link weights. The latest development on this based on the initial high-efficiency property of random
IGP link weight setting problem is RRS [1], and we show thatampling and attempts to maintain this high-efficiency by
PTAS outperforms RRS on this critical problem. constantly “restarting” random sampling with adjusted pkm
spaces. RRS algorithm uses random sampling for exploration
and recursive random sampling for exploitation.

SEARC . . : . I
FARCH Simulated Annealing (SA): SA is a generic probabilistic

The essence of PTAS is to apply an optimization seargh(a_algorithm for the global optimization problem, naynel
algorithm to find out how to best distribute available eXPerincating a good approximation to the global optimum of a
ment “budget” to multiple optimization search algorithns. given function in a large search space.

other words, PTAS aims to systematize how to “search for 5opetic Algorithm (GA): A GA is a search technique

the best search”. First, we split our total budget into semall,;se in computing to find exact or approximate solutions to
chunks, and call them “round budgets”. In the first round, thgsimization and search problems. Genetic algorithms are ¢
budget allocator in the PTAS framework (Figure 2), allosatgyqrized as global search heuristics. Genetic algoritmaga
the round budget among the three algorithms equally. At th@ icyjar class of evolutionary algorithms that use téghes

end of the first round, it compares the responses returned frfhspired by evolutionary biology such as inheritance, rtioia
each algorithm. When it allocates the round budget for theaction ‘and crossover.

second round, it allocates the round budget among the three

algorithms based how they performed in the first round. Whén Budget Allocator with Roulette Wheel

allocating the round budget for the third round, it allosate Tphe crycial component of PTAS is to make the budget
the round budget among the three algorithms based how th§ication to individual algorithms in an intelligent way s

performed in the second round, and so on. At the end @yt the overall search performance is satisfactory. Weause
each round, we transfer/exchange the best result(s) arheng«yette wheel” [11] method to determine how much to re-

Fig. 3. Budget allocation in five rounds.

IIl. PTAS: PROBABILISTIC TRANS-ALGORITHMIC

algorithms. allocate the round budget among the individual algorithms.
while budget > 0 do We call the PTAS component doing this budget distribution
bestl < Algorithml(roundbudgetl) as “budget allocator” (see Figure 2).
best2 < Algorithm?2(roundbudget2) The budget allocator first splits the round’s budget into
best3 < Algorithm3(roundbudget3) two portions: hard and soft. The hard round budget is the

recalculate round budgets based on performances  portion that has to be equally distributed among the indiald
transfer bestOf(best1, best2, best3) to all three algusth algorithms, and the soft round budget is the portion that can
end while be unequally distributed. The intuition behind this design
Total Budget: This is the total budget that we use for odo give each algorithm a chance to perform in the next round.
experiment. To calculate the output of an objective functidn this paper, we picked a soft round budget portion of 60%,
for some given parameters, we use eval function. Calling ewahich is a relatively conservative apportionment sinceyonl
function one time costs one unit budget. 60% of the whole round budget is reallocated each time. More
Budget for a round: This is the budget that we use faggressive budget allocation can be applied by increakimg t
each round in our program. Initially we split this amounbintsoft round budget portion. Investigation of this matter is a
three equally for three algorithms (RRS, SA, and GA). Thiwture work.
budget does not change for each round; however the budgethe soft round budget is where the roulette wheel idea
each algorithm can get in a given round is based on how thisyapplied. We distribute the soft round budget among the
performed compared to previous round. individual algorithms considering the amount of perceatag
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improvement they achieved in the previous round. FigureeXploration phase. If we can not find any point better than
illustrates a sample scenario how roulette wheel affeats thest-so-far value in the exploration phase, then we begin th
budget allocation among the algorithms. exploitation phase around the best-so-far. So, this is hew w
We now describe how to apply the roulette wheel techniqueansfer the best-so-far sample to RRS algorithm.
on the soft round budget allocation. Let the round budget beFor the SA, in the first round, we randomly pick a point
B = Brrsli] + Bsali] + Baali], whereBrrsli], Bsali], and as the initial state for the simulated annealing. After tinst fi
Bcali] are roundi budget of RRS, SA, and GA respectivelyround, as the initial state of a round, we use the best result
Further, let the best-so-far value found during rountbe found in the previous round. This is how we transfer the
Ali] = min(drrsli], dcalil, dcali]), wheredrrsli], dcali], best result of the three algorithms to the simulated anngali
anddga[i] are the best-so-far value found during rounbdy algorithm.
RRS, SA, and GA respectively. We first calculate percentageFor the GA, in the first round, we generate samples (i.e.,
improvement for each algorithm, as shown for RRS below:individuals) randomly to form our population. In each round
Srrsli — 1] — drrsli] we find the worst individual in the population, replace itwit
Trrs = Srasli—1] x 100 best-so-far. So, this is how we transfer the best result ef th

To calculate the round budgets for the next round, we myltipi"ré€ algorithms to genetic algorithm.
the current round budgets with fraction8yrs|i], Fs4[i], and IV. PERFORMANCE EVALUATION
F 4li]) for each algorithm:

In order to compare our PTAS algorithm with other three

Brrsli] = Prrsli —1] X Frrsli] individual search algorithms, we use several benchmark ob-
The fractions are set to 1 initially. The expression beloawvgh jective functions in the system. These are; Square Sum func-
how to calculate fraction for RRS: tion, Rastrigin function, Griewangk’s Function, Axis phea
. , Trrslt] 0.6 hyper-ellipsoid function, Rotated hyper-ellipsoid fuioct, and
Frrsli] = Frrsli = 1] + Ti] x 06— == Ackley’s Path function.
whereT[i] = Trrs(i] + Tssli] + TG ali- A. System Response is Fixed

For example, let's assume that RRS improved from ) . )
Srrsli — 1]=1000 to drrs[i]=800 during roundi. Then Figure 4 shows a comparison of thg fon_Jr algor|t.hms (i.e.,
the Trpsli] is (1000-800)/1000¥100 = 20. Further, 1etRRS, SA, GA, and PTAS) when the objective function corre-
Trrsli]=20, Tsali]=10, and T 4[i]=0. Also, let the round SPonding to the black-box system does not change. Number

budgets in the current round be equalzns[i]=100 , of experiments is 9000. The best-so-far values in the graph
Bsali]=100 , B 4[i]=100. are average of five runs. We experimented with six different

benchmark objective functions. For four out of the six diffiet
Frpsli+ 1] = Frrsli] + (Trrslil/T[i]) x 0.6 —0.6/3  objective functions we tried, PTAS significantly outperfard
Frrsli+1] =1+ (20/30) x 0.6 — 0.6/3 = 1.2 the three individual algorithms by large margins. For theeot
. _ _ two functions (i.e., Ackley and Rastrigin), PTAS was only
Brrsli+ 1] = Brrsli] X Frrs[i + 1] slightly outperformed temporarily which suggests that fine
Brrs(i+1] =100 x 1.2 =120 tuning of PTAS can still result in better performance. Farth

In more simple terms, RRS gets back two third of the sofer those two functions, PTAS still performed better early o
round budget 60*20/30 = 40, SA gets back one third 60*10/30 the search (i.e., upto 3000 experiments), but was cayght u
= 20. Since Because percentage improvement of GA is Zehy, RRS later. This still makes PTAS more valuable, as the
GA gets back nothing 60*0/30 = 0. After this allocation, thgolutions are needed quickly for most real systems.

round budgets become 120, 100, and 80 for RRS, SA, agd

GA respectively. System Response Varies

) In order to evaluate PTAS in a more realistic scenario,

B. Transfer of Best-So-Far Among Algorithms we change the objective function in the black-box during

In PTAS, we run the three algorithms (RRS, SA, and GAhe optimization search process. This is a typical sitmatio
at each round. At the end of each round, we get best redolt large-scale real systems where parts of the system could
of these three algorithms. If it is better than current tsest- temporarily fail and the system recovers from such failures
far, we update the best-so-far sample (which is a parameier imitate this, we change the objective function during the
vector) and transfer it into these three algorithms. In otheptimization search and return back to the original objecti
words, if one of the algorithms found a very good sample ifunction.
the previous round, the other algorithms also benefit fromb th We, again, compare PTAS with the three individual algo-
sample by incorporating it into their search. How to make thethms RRS, SA, and GA. The total number of experiments is
incorporation might be different for each algorithm. 9000 and the best-so-far values we present are averaged over

For the RRS, in each round, we spend some of our buddige runs. In each run, an original objective function is used
for the exploration phase. Then we begin the exploitatidor the first 3000 experiments. Then a temporary objective
phase around the point which has the best value found in tlu@ction is used for the second 3000 experiments, and finally

493



1.E+6 1E+6 . 1E+3

8 1E+4 g 1E+5

m
e
N}

c c
g 1.E#3 g 1.E+4

o
2
-
2
@ 1E+2 3 | 9 1E+1
X 1E+ © 1.E+3 ‘@
§ 180 § 1 | § 1800
% 1E1 3 T2 oo
@ 1E2 9 1EH L0 E
™ o © ~ N e © ~ AN ™ O © ~ AN el o © ~ N ™ O © ~ AN ™ o o ~ N e o o ~ N ™ o o ~ N ™ O © ~ AN
Qo N~ & & o o ¥ O © o o N o o © O N o N mM ™ ¥ O 0w o © N o © O N o N mM o ¥ O O o © N o
Number of Experiments (10%) Number of Experiments (103) Number of Experiments (10%)
-=RRS -SA -+GA —-PTAS —=RRS -SA -4GA —-PTAS —=RRS =3A -+GA —PTAS
(a) SquareSum (b) Rastrigin (c) Griewangk
20 m 4 b
Nn—ooo0o0o0o0o00
185 1E+3 ° | 4
o 1.E+ 8 |
2 1E+3 o 1E+2 S 19 |
O 1E+2 o 1.E+1 % i
a M o @ |
@ 1.E+1 @ 1.E+0 4 |
€ 1E+0 € g1 © |
: £ 184
g 1E1 € 1E2 g |
2 1E2 s 2 |
2 1E3 2 1E3 — — - S
9 1E4 oo oo ot D 1E-4 ‘ 17 4
™ o o ~ N e ) © ~ AN el ) © ~ N kel o o ~ AN e ) © ~ AN el ) © ~ N el o © ~ N el o © ~ N ™ 3 o ~ N
QLTI eEss eSS QLTI ess oSS LT AR ESSSSeT S
Number of Experiments (10%) Number of Experiments (10%) Number of Experiments (10%)
-=RRS -SA -4GA —~-PTAS -=RRS -SA -4GA —~-PTAS -=-RRS --SA —-+GA —-PTAS
. . . .. ,
(d) Axis parallel hyper-ellipsoid (e) Rotated hyper-ediagd (f) Ackley’s Path

Fig. 4. Comparison of PTAS with RRS, SA, and GA for six benchmabjective functions.

the original objective function is used again for the thiD8 15:2

experiments. 8 1 E+s

Figure 5 shows the results when the original objectin§_1.E+3
function is SquareSum and the temporary objective functic§ 1-E+2
is Rastrigin. Similarly, Figure 6 shows the results when trg 1'='7
original objective function is Griewangk and the temporar‘z 1E-1
objective function is Axis parallel hyper-ellipsoid. Asthoof @ 1E-2 4

the figures show, PTAS outperforms the individual algorishrr T2 L2l S d e 6 @@ s ow
significantly when system response changes during the o Number of Experiments (103)
mization process. These results clearly show that PTAS ¢ —~RRS &SA *GA <= TAS

much be_tter adapt to major Chang_es in the system respo_nse % 6. Objective functions: Griewangk’s» Rastrigin— Griewangk’s
reallocating budget to better algorithm(s) after a changbeé

system response. . . .
associated with a network congestion measure [31]. The OSPF

1.E+6 weight-setting problem is shown to be NP-hard [29].
o VE Y We mapped PTAS to a simulation-based IGP link weights
§ 1:‘; optimization framework. PTAS selects a link weight value fo
? 1 E+2 . each link in the simulated topology and feeds them to an NS-2
X 1E+ simulation of IGP routing. The metric to be optimized is the
E 1.E+0 aggregate throughput of the network. Initially, we randpml
& assigned some weights between (0-100) to the links with a
e o o =~ AN ®m » w -~ N o o © - ~ uniform distribution. Then, we ran the simulation with teos
S e T NN e ey e e e 9N ® % ink weights and let TCP traffic to flow for 100s. After each
Number of Experiments (107 such simulation run, we measured aggregate throughput that
-=+-RRS -&-SA —4-GA --TAS !

was observed at the egress points of the network topology,
Fig. 5. Objective functions: SquareSum Rastrigin— SquareSum and sent the throughput value as “the metric’ to PTAS. In
the next iteration, PTAS changes some of the link weights in
V. IGP LINK WEIGHTS OPTIMIZATION USING PTAS the topology, and runs the simulation again. By repeatiig th
The goal of intra-domain traffic engineering is to maké#erative process up to an experiment budget, PTAS tries to
more efficient use of network resources within an autonomofid the IGP link weights closer to the optimum.
system (AS). Interior Gateway Protocols (IGPs) directfitaf To model the network, we used Rocketfuel’s Exodus topol-
based on link weights assigned by the network operatogy, for which 22 nodes and 37 links exist. We used 7
Each router in the AS computes shortest paths and createsles as the edge nodes, and composed=42 TCP flows
destination tables, which are then used to direct packet hetween those edge nodes. As the simulation metric to be
the next router on the path to its final destination. Given returned to the PTAS, we calculated total number of bytes
set of traffic demands between origin-destination pairs, theceived at sink nodes of the TCP flows. We repeated the
weight setting problem consists of determining weights&o loptimization process 30 times to gain confidence. Figure 7
assigned to the links so as to optimize a cost function, glfyic shows the average throughput achieved by each algorithim wit
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80% confidence intervals. We observe that algorithms imgrov2]
their link weights as the experiment budget increases. PTAS
outperforms the other three algorithms and its comparativg]

N. Ruana and X. Sun, “An exact algorithm for cost minintiza in
series reliability systems with multiple component chejteApplied
Mathematics and Computation, vol. 181, no. 1, pp. 732—-741, 2006.
H. R. Liu, Y. F. Shen, Z. B. Zabinsky, C.-C. Liu, and S.-Kaq] “Social

performance becomes more pronounced as the experiment welfare maximization in transmission enhancement corisigenetwork

budget increases.
(4]
(5]
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. ) [15]
Fig. 7. Results of experiments on Exodus topology. [16]
[17]
VI. SUMMARY [18]

Most of the search problems can be considered as black-
box problems. Therefore, some of the search algorithms maé]
perform better than other search algorithms on the sa
black-box problem. Because the response of such black-box
problems to search algorithms is not foreseeable, we peapo&0l
a hybrid search framework, named “Trans-Algorithmic Skarc
(PTAS)", for this kind of problems. [21]

We implemented the PTAS framework by using three
individual search algorithms. PTAS runs these algorith
in rounds. At the end of each round, PTAS changes the
algorithms’ experiment budgets based on how they performed
in the previous round. By experimenting with benchmarﬁ%g]
objective functions, we compared our PTAS framework with
the performance of individual algorithms. The results sholg#!
that, on most of the objective functions, our PTAS framework
performed significantly better than the individual alglomis. [25]
We also explored the scenarios when the objective function
in the black-box changes during the optimization process. Foe]
such dynamic scenarios, we showed that PTAS outperforms
the individual algorithms by a significant margin. We alse ap?7]
plied PTAS on the well-known network configuration problem
of IGP link weights setting and showed that PTAS outperfornas]
the individual algorithms on that problem as well. 29]
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