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Categories and Subject Descriptors system configuration tuning as a case application to demaiast

the process of experience transfer as well as the benefitglirted
by the transfer. The configuration tuning is an importank fas
computing systems since an appropriate configuratiomgetén
lead the system to the best quality of services (QoS) suchas s
response time, high throughput, and fairness among uskescur-

K.6.4 [Management of Computing and Information Systemg
System Management; G.1.8{imerical Analysis]: Optimization

General Terms

Algorithms, Management, Performance rent approaches [5][4] treat the system as a black-box aplgt &
sampling based optimization to identify the optimal confagion.
Keywords It starts with selecting a number of samples, each of whiphere

sents a specific system configuration setting. After the gardi
tion samples have been evaluated for the system performtmece
algorithm makes an inference about the location of optiroafig-
uration in the search space. Such inference provides feksla

Distributed systems, configuration tuning, knowledge &itian,
knowledge reuse

1. MOTIVATION the generation of next round sample populations. With stesad
Recent years have witnessed the emergence of autonomic mantive sample generation and inference makings, the seaotess
agement tools in large scale information systems. Theizetihe will eventually discover the optimal configuration of thestgm.

knowledge learned from system experts or historical datauto ~ However, the sampling based configuration search is a vem-ti
tomate the process of management tasks. However, currant au Cconsuming process. It requires tens of minutes to evalussio-
nomic solutions only focus on the knowledge discovery and-mo  9le configuration sample because we have to try various workload
eling to benefit the management in Saene system. Itis sometimes  Situations during the evaluation in order to obtain rekapérfor-

also important to utilize the knowledge of one system tolitaté mance data. Since a common configuration search usuallivés/o
the management of other systems. For examp]e, a lot of $pecia the evaluations of at least hundreds of samples, it would sak-
kinds of systems, such as the online banking systems, yS’lUlﬂ“ eral dayS or even weeks to Complete the tuning task. Due to the
on similar platforms, i.e., the J2EE based infrastructirsupport expensiveness of configuration tuning, it is highly desifede
applications with similar business logics. If we can ledmmbehav-  can use the knowledge learned from the tuning process im (he

ior of one system and transfer the learned knowledge to sitrér previous) systems to speedup the tuning in the currentrayste

lar systems, it is not necessary to spend the same amouribdbef
and time again in modeling the new system. Furthermoreenurr
systems evolve frequently due to the hardware upgradesyaef 2. CONTRIBUTIONS

version changes, topology changes, and so on. In thos¢isitsia In the cor_mfiguration tuni_ng, we obse_rve th_at the knowledgeriab
the previous learned model for system management may not bedependencies between different configuration paramelays pn
valid or optimal anymore after the system undergoes charjss important role to discover the optimal configuration settift can

not practical to relearn the system from scratch becauseeiisia ~ help us to avoid a lot of unnecessary sample evaluationsesaht
lot of extra time and data. If we can discover useful expessn  Sequence accomplish the configuration search more quiéidy.
from the management of previous systems and reuse them in thenStance, if the increase of a configuration parametemlways
current system, the system can become more robust andaglapti introduces the increase of another parameteias well in order

to the environmental changes. to improve the system performance, we do not have to generate
To this end, this paper proposes a new strategy, called tpe-e sa_lmples_ with higles and lowcp values because such value pairs
rience transfer’, to deal with the utilization of knowledgarned ~ Will not improve the system performance. Furthermore, we ob

from systemsS, to benefit the management of another similar sys- Serve that most of the dependencies between configuratrampa
temS; . Such transfer process consists of three main components:&ters are usually unchanged across similar systems bettmsse
(1) discover and represent the experiences that can béeraize systems are built on same infrastructures to support apjalits
between two systems; (2) extract the experiences duringitite with similar business logics. Therefore, if we can extréet pa-
eling process in the original systefs ; (3) embed learned expe- rameter dependencies during the configuration tuningyinsuch

riences into the management of the new systam We use the knowledge can be utilized to speedup the tuning process in
In light of the above observations, this paper regards the de

Copyright is held by the authorfowner(s). pendencies between configuration parameters as valuapégi-ex
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pability in modeling the parameter dependencies. A new ganfi
ration tuning algorithm based on the Bayesian network coost
tion and sampling is presented in Figure 1. We B5¥, to rep-
resent the Bayesian network learned atgtiesample generation.
The uniform random sampling is used to creatsamples as the
initial population, among which we selegtsamples to construct
the Bayesian network. The configuration samples with high pe
formance evaluations get high chances to be selected. @ece t
Bayesian networlB N, _; is constructed, we generatenew sam-
ples by sampling network and evaluate those samples foryde s
tem performance. Theth population of samples are then obtained
by applying the recombination operator [1] on th&ew samples
as well as the old ones. After that, we selecsamples from the
new population again to construct Bayesian netwBiX, for the
next generation. Note thg¢th population of samples usually have
better performance evaluations than previous populatiecsuse
they are sampled from the latest Bayesian network that cegptp-
timal regions in the configuration space. In addition, thdaip of
Bayesian network will lead to a more accurate descriptioopbi
mal regions in the configuration space, which in consequpnze
duces samples with even better performances. Such itesdivn-
ple generation and network learning processes follow ttategjies
of evolutionary search, which will eventually convergehe bpti-
mal point in the configuration space[3].

Given: the sample population size
two other parameterg and A with u < p, A < p.

Generate the initial population with sigeby uniform
sampling.
Evaluate the samples.
Selectu samples from the population based on their
performance evaluations to cred®Vy.
For generationy = 1, 2, ...

UseBN,_1 to generate\ new samples;

Evaluate the samples;

Update theyth population with the new samples;

Selecty samples from thgth population based on their
performance evaluations to credseVy;

End.

Figure 1: The configuration tuning based on Bayesian network
construction and sampling.

Through the Bayesian network guided configuration tuning, w
can discover the best configuration settingSin. More impor-
tantly, we also obtain a Bayesian network as the byproduthef
tuning process. Such network can be utilized to benefit thégo-
ration tuning in systens; . We still employ the algorithm in Figure
1 to conduct the optimal configuration search in systam How-
ever, rather than starting with the uniform random samgingen-
erate the initial population, we use the learned Bayesiawark
from Sy to generate initial samples and build the initial network
BN, for systemsS;: . As a result, the generated initial samples in
S1 will be located more closely to the optimal area in the new-con
figuration space. Furthermore, since the transferred Baye®t-
work records the dependencies of configuration paramedels,
of unnecessary efforts for exploring the system configonagpace
can be avoided. The convergence speed of configurationhsigarc
S; can be significantly accelerated.
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Figure 2: The original test bed systemS, is upgraded by three
different scenarios.

in Sp . After that, we change the test bed system in three different
ways, as shown in Figure 2, to reflect commonly encountered sc
narios in real system evolutions: the hardware upgradesdfie
ware version change, and the topology change by adding a node
In each upgraded system, we embed the Bayesian networletearn
in Sy into the configuration tuning process, and compare the ef-
ficiencies of configuration searches with and without thep ful
transferred experiences. Table 1 summarizes the numbanyfie
evaluations required to discover the optimal configuratierwell

as the best utility values produced by both search procésseb
systems It shows that the direct configuration search alwaies
more than 100 sample evaluations to reach its optimum wherea
the experience guided search only needs tens of sampleddin a
tion, the best utility discovered by the experience guideatch is
always higher than that obtained by the direct search.

without transfer with transfer
evaluations| utility | evaluations| utility

original system 132 9.11 - -
hardware upgrade 109 12.25 25 12.27
software update 117 9.52 11 9.58
topology change 110 16.29 46 16.52

Table 1: Summary of experimental results.

3. CONCLUSIONS

This paper has proposed the experience transfer to imphave t
efficiencies of configuration tuning in computing systems Wave
treated the dependencies between system configuratiorseig u
experiences in configuration tuning, and proposed a Bayest
work guided tuning algorithm to discover the optimal confegion
setting. Results have shown that our transferred dependtenal-
edge can achieve tremendous time savings for system openato
tuning the system performance.
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