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enable a seamless self-adaptive behavior in the software systems. To achieve self-
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managing behavior, various methods have been exploited in past. Case-based reasoning
(CBR) is a problem solving paradigm of artificial intelligence which exploits past experi-
ence, stored in the form of problem-solution pairs. We have applied CBR based modeling
approach to achieve autonomicity in software systems. The proposed algorithms have been
described and CBR implementation on externalization and internalization architectures of
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CBR based modeling autonomic systems using two case studies RUBiS and Autonomic Forest Fire Application
Simulating self-management (AFFA) have been shown. The study highlights the effect of 10 different similarity mea-
Simulating problem diagnosis sures, the role of adaptation and the effect of changing nearest neighborhood cardinality

for a CBR solution cycle in autonomic managers. The results presented in this paper show
that the proposed CBR based autonomic model exhibits 90-98% accuracy in diagnosing the
problem and planning the solution.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

With the passage of time, the reliance and dependence on computers has increased tremendously due to automation and
computerization of manual processes. This has led to increased process speed and higher accuracies, but has added to the
complexity. The software systems have grown in size, functionality and complexity. As a result, it has become difficult to
solve an unexpected problem. Solving a problem manually after its diagnosis in large scale systems is not a trivial job. Imme-
diate solution strategies are needed that not just minimize the downtime but also the involvement of the human
administrator.

Inspired from the human nervous system, in which most of the activities are performed without explicit permission of
human itself, autonomic computing [8,23,28,36,56] is a concept which injects some self-managing capabilities in the large
systems. The complexity of the systems increases by adding autonomic capabilities but in return the human intervention for
managing such systems can be minimized. The additional layer of complexity thus ensures a lot of problem solving respon-
sibilities to be performed automatically and autonomously.
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Two architectures are available that incorporate autonomic behavior in a computing system: externalization and inter-
nalization. In externalization architecture, autonomic manager which is responsible for injecting the self-managing behavior,
resides outside the self-managed component. In internalization architecture, autonomic manager is built in within the self-
managed component. The properties of autonomic systems are collectively known as self-* properties. These include: self-
configuration, self-optimization, self-protection, self-healing, self-awareness, context-awareness, open, and anticipatory
[28,36].

Self-configuration capability enables seamless adaptation of a new component or a new execution environment without
significant human intervention. Self-configuring systems also need to configure themselves according to user-defined high
level goals. User only specifies what is needed and not how it should be achieved. Autonomic manager prepares a configu-
ration plan to seamlessly adapt changes in environment according to user-defined specifications [6,33,71]. A self-optimizing
system is supposed to continuously seek for the possibilities of optimization in the computing environment.

Self-optimization capability optimizes various parameters at run time according to environmental conditions [19,50]. It
enables monitoring, experimenting and tuning various parameters to make best use of the existing resources [36].

Systems having the self-protection capability are expected to defend against various malicious attacks and risks causing
large-scale system-wide problems or localized problems within the components [16,72].

Self-healing property detects various system failures and recovers from failures to enable minimum downtime of the sys-
tem [4,52,57,58]. A self-healing system is supposed to remain conscious of the failures or abnormal behaviors of services and
should diagnose and plan recovery action [36]. Autonomic systems should be self-aware of their state, contextually aware of
environmental changes, open for portability and common standards, and anticipate their needs, context and behavior
[28,56].

In the literature, various intelligent techniques like rule-based systems [14,33,34], artificial intelligence planning [6], hot
swapping [5], PeerPressure [67], process query systems based on Hidden Markov Model (HMM) and state machines [60],
active probing [59], and control theoretic approach [22,25], etc. have been used to enable various self-management capabil-
ities in autonomic systems. Conversational case-based reasoning [29] has been applied for diagnosis of system failures and
recovery which exploits the knowledge gained from recent successes and failures but has been applied at a very limited level
in context of autonomic systems. Rule-based systems required rich well-formalized domain knowledge to construct the rule-
base. Planning-based techniques require complete state space before searching the goal state. Hot swapping has been ap-
plied for self-configuration and adaptation of various code snippets dynamically. Hence, its application scope is limited. Con-
trol theory is model-based approach which uses mathematical models that are developed based on certain assumptions,
thus reducing their applicability. Other probabilistic approaches like PeerPressure, HMM, state machines, active probing,
etc. also rely on the availability of rich prior knowledge for learning the models. These techniques get benefit from the past
experience to some extent but recent experiences are not considered while devising the solution. So, experience base is not
continuously updated and utilized. These approaches limit the learning growth with passage of time and having new expe-
riences. They do not learn from the recent failures or successes.

Case-based reasoning (CBR) [1,9,17,49,70] is a lazy learning paradigm which is an attractive option to be used in the do-
main of autonomic computing because of the re-occurring nature of the autonomic computing problems in particular and
computing systems in general. CBR is a reasoning methodology which uses past experience to find solution of a new prob-
lem. It is a good candidate technique to be adapted for autonomic systems due to various reasons. The detailed discussion on
CBR cycle follows in Section 4.

CBR works well where well-structured knowledge is not available before hand because it offers a flexible case structure.
Its proposed solution is not rigid and can be revised using adaptation algorithms or human intervention. Revised solution is
then finally adapted as the solution of the current problem. Current problem-solution pair may be retained in the case-base
to add new knowledge for future use. Past experience is maintained in a repository called case-base.

Though some work on CBR has been performed in autonomic computing earlier [38,40], the focus of this research work is
to evaluate the impact of CBR based modeling approach in autonomic systems for the externalization and internalization
architectures. The details follow in Section 5. Their focus was on improving the effectiveness of CBR cycle by presenting a
clustered CBR approach that resulted in the reduced computational cost and case-base size. However the focus of the present
work is to apply CBR in both of the autonomic architectures exploiting its different similarity measures and adaptation
algorithms.

In this paper, we present CBR-based autonomic computing models and self-management algorithms for externalization
and internalization options of self-management. We propose to apply CBR model within autonomic manager as an analysis
and planning tool. Our proposed approach promises to change and improve the way autonomic managers analyze the mon-
itored problem and plan the remedial action. We have designed and implemented a tool called CaseBasedAutonome (CBA)
which can be tailored to be used for both externalization and internalization options of self-management. We have investi-
gated the efficiency and effectiveness of our proposed approach empirically. The empirical study is based on a multi-dimen-
sional research methodology. These dimensions include similarity measure for retrieval of nearest neighbors, cardinality of
set of nearest neighbors, solution algorithm, adaptation algorithm and two different case studies pertaining to externaliza-
tion and internalization respectively.

We selected Rice University Bidding System (RUBIS) [65] for our experiments based on externalization architecture.
RUBIS is used as a benchmark for performance and optimization of distributed systems. It is a Java based three tier applica-
tion which provides basic functionality of an auction site like eBay. It uses MySQL as the database management system at
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back-end. Inherently, RUBIS is a non-autonomic system. We implemented emulator of an external autonomic manager based
on CBA for self-configuration, self-tuning and self-healing capabilities of RUBIS.

The second case study selected for our experiments is Autonomic Forest Fire Application (AFFA) [46,47] based on inter-
nalization architecture. This is a simulation of forest fire and has built-in autonomic capabilities of self-optimization using a
rule agent which uses rule-based system. The limitations of rule-based system include its dependence on complete prior do-
main knowledge and its rigidness in terms of adaptability and revision of a proposed solution. We have replaced the rule-
agent with CBA and studied its behavior for self-protection and self-configuration.

Rest of the paper is organized as: Section 2 gives an overview of autonomic computing, Section 3 presents an overview of
existing self-management techniques in context of externalization and internalization and Section 4 gives an overview of
CBR. Section 5 discusses the proposed CBR-based approach for externalization and internalization and Section 6 presents
the research methodology adopted in this paper. Section 7 presents the empirical results and analysis of the proposed ap-
proach on RUBIS case study and Section 8 presents the empirical results and analysis of the proposed approach on AFFA case
study. Finally, Section 9 concludes the paper and discusses some future work.

2. Architectures of autonomic systems

As mentioned in the previous section, there are two major architectural options available in the literature for building an
autonomic system: externalization and internalization [28,36,56]. In externalization approach, autonomic manager resides
outside the managed element and is built as a well-separated implementation layer as shown in Fig. 1. Usually, this approach
is adapted when an existing non-autonomic system has to be made autonomic. This architecture is quite useful in applica-
tions where autonomic behavior is enabled at some later stage of the application life cycle or internal implementation details
of the application are not that much clear. Legacy systems are a good candidate for externalization option. In internalization
approach, there is no clear separation between the autonomic manager and the managed element as shown in Fig. 2. This
approach makes more sense when we have to implement a system with built-in self-management capabilities. For the inter-
nalization architecture, various programming frameworks have been proposed in the literature like Accord [47], Rudder [45],
vGrid [41], etc. Accord programming framework enables internalization using three kinds of ports: control port, operational
port and functional port. Control port is a shared interface between element manager and the computational component.
Operational port contains rules to be used by the rule agent for self-management of computational component. Functional
port is used to expose the functionality to other autonomic components.

Analyze

Knowledge

Autonomic
A Manager

Monitor Execute

Sensor Actuator
\4

Managed Element (to be self-managed)

Fig. 1. Externalization architecture of autonomic systems [36].
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Fig. 2. Internalization architecture of autonomic systems [47].
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To implement or enable any of the self-* properties, an autonomic computing system has to perform many different steps
which collectively constitute autonomic computing cycle as shown in Fig. 1 [28,36,56]. The four main steps are:

2.1. Monitor

The state of the managed resource is periodically checked via a sensor and is tested for stability. If it is found stable then
no further action is taken and next sensed state is monitored. If it is found unstable then its data is handed over to the diag-
nose phase.

2.2. Diagnose

This phase receives data of an unstable state and analyzes it to diagnose the cause of unstability. It may be an internal
cause or external cause. This diagnostic step needs to be intelligent enough to correctly diagnose the problem. This step
may be carried out using any pre-determined diagnostic algorithm.

2.3. Plan

Diagnosed problem is reported to the plan phase which searches for a suitable solution of the reported problem. Searched
solution is prepared in the form of a solution plan.

2.4. Execute

Solution plan is handed over to the execute phase which prepares an execution plan and hands over the execution plan to
the actuator of the controller interface.

3. Existing self-management approaches: A review

Various approaches exist in the literature to self-manage a system with respect to externalization and internalization. A
brief overview is provided below.

3.1. Self~-management approaches for externalization

In order to autonomize an existing application or system, autonomic managers are built as a separate layer and interact
with the managed resource through sensors and actuators as discussed above. Various techniques and infrastructures have
been proposed in the literature for enabling autonomic behavior in existing systems, an overview is presented below.

A decentralized approach of enabling autonomic computing has been presented in an agent-based architecture known as
Unity in [64]. This architecture supports optimum autonomic resource allocation based on computing many local resource-
level utility functions and then aggregating them into a global utility function. Similarly, policy-based access control frame-
works have also been proposed to devise a global solution after analyzing the local states [44]. In Ref. [58], Pip, an architec-
ture for detecting the unexpected behavior in a distributed system, has been proposed which compares the expected
behavior with the current behavior. Expected behavior can be declared by the users using a declarative interface. Jiang
et al. [34] propose an alerts based problem determination mechanism in large scale systems. One problem may trigger many
alerts and then alerts are ranked using a ranking criteria. Finally, a rule-based approach is used to determine the exact prob-
lem. Control theory has been exploited in the literature for monitoring and fine-tuning various attributes in an autonomic
environment [2,18,22,35,62]. Controller with the feedback loop acts as an autonomic manager. Service-oriented architec-
tures have been proposed in the literature to be used for enabling autonomic behavior and fault detection in distributed sys-
tems [7,11,15,66]. [59] have used a statistical approach for problem determination in distributed systems using active
probing. A probe is a an end-to-end test transaction which outputs based on the system’s components. Appropriate probes
are selected to diagnose the problem and their results are analyzed. PeerPressure is a statistical solution suggested to diag-
nose the problems resulted from misconfigurations [67]. A lot of snapshots of machine configuration are stored in a database
called GeneBank database. PeerPressure uses a statistical analyzer that calculates the probability of each suspected compo-
nent to be sick using Bayesian estimation. In Ref. [3], an adaptive action selection technique has been proposed for auto-
nomic software systems. It selects an appropriate action from a finite pool of actions using reinforcement learning. In Ref.
[13], decision tree learning approach has been presented to diagnose the failure in large distributed systems. At nodes of
the tree, various parameters are ranked according to their information gain value. In [4,53,54], CBR has been suggested to
diagnose the failure in service delivery system and plan remedial actions. Each problem scenario and corresponding remedial
action is represented as a case and a collection of such scenarios constitutes a case-base. Simple CBR cycle is followed to
diagnose a new problem and resolve it. In Ref. [29], environment knowledge is represented in the form of a case-base
and a rule-base. Conversational CBR is used to detect the failure and diagnose the problem. Rule-base system is used to
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resolve the detected problem. Conversational CBR keeps the user in continuous loop to ask questions for case generation and
most of the time, it needs user’s feedback to diagnose the problem.

3.2. Self-management approaches for internalization

Various approaches for built-in mechanisms of autonomic computing have also been proposed in the literature.

In Ref. [51], an autonomic failure detection algorithm has been proposed which suggests a self-regulating mechanism for
failure detection by setting bounds on resource usage and failure detection latency. In Ref. [46,47], Accord, a component
based framework for building autonomic applications, has been proposed. It extends some capabilities of existing conven-
tional programming frameworks and introduces the formulation of autonomic components, their composition and interac-
tion. Dynamic reconfiguration has been suggested in [33] as a building block for workload managers in IBM pSeries servers
which provides self-optimization, self-healing and self-configuration capabilities. To achieve dynamic reconfiguration for
distributed systems, a component framework has been presented in Ref. [14] to manage the interactions between compo-
nents during dynamic reconfiguration. In Ref. [50], an autonomic query optimizer known as LEO has been presented which
validates the mathematical model of query execution without human intervention and is capable to correct the wrong opti-
mization estimates. In Ref. [12], a technique for cheap recovery known as Micro-reboot has been presented which starts the
recovery process by rebooting components from a granular level, and incrementally grows the reboot scope if recovery is not
achieved. Rx is another technique to recover from failures presented in Ref. [57]. It treats bugs as allergies by rolling back the
program to previous safe checkpoint and re-executing in a modified environment. Hot swapping [5] is another built-in ap-
proach of autonomic computing which enables dynamic adaptation of the execution environment by interpositioning the
code or replacing the code. Interpositioning enables insertion of a new component between two existing components and
replacement enables one passive component to take over an executing component. In Ref. [37], an artificial intelligence ap-
proach has been proposed for autonomic computing policies which is basically built on the state search model of artificial
intelligence. In [6], dynamic reconfiguration planning has been suggested. The planner is given the description of the initial
state, final state and domain of possible transitions. Then using various search mechanisms like breadth first search, depth
first search, best first search, etc., goal state is reached. An agent-based architecture has been proposed in Ref. [10] to build
autonomic systems. In this architecture, various functionalities of an autonomic system like controller, sensor, actuator, etc.
are delegated to individual agents which collaborate in a multi-agent environment. In [48], a framework for development of
autonomic web services has been proposed which enables self-configuring capability in web services and is based on the
adoption of a simulation engine. The literature survey reveals that CBR has not been used in internalization architecture
of autonomic systems so far. [30] proposed a method to design and develop an autonomic system which explicitly contains
the control loop as its crucial part. Clustered CBR based approach has been used for internalization architectures to improve
the efficiency of the CBR cycle with the tradeoff of performance in Ref. [39,40].

3.3. Limitations of the existing self-management approaches

Autonomic computing is a nature-inspired phenomenon. In nature, environment is dynamic and humans have to observe
diverse scenarios with passage of time. So, there is a demand of continuous learning. As human administrators are replaced
by autonomic managers, so their learning curve should not be static. Autonomic systems may observe new experiences as
the time passes on. Most of the self-management techniques discussed above enforce learning on the current dataset and do
not have the cushion for dynamic learning with passage of time. Therefore, such techniques will not be able to handle unseen
scenarios, whereas human administrators learn dynamically and are capable to handle such scenarios. They also learn from
their mistakes. So, their learning curve is continuously improved. Another limitation of most of these artificial intelligence
and probabilistic approaches is that they need well-formalized and structured knowledge for training purposes which is
rarely available in case of autonomic systems.

CBR is an effective candidate technique to be adapted for enabling self-management capabilities in autonomic systems
where rich and well-formalized background knowledge is not easily available. CBR has been applied for self-healing and fail-
ure diagnosis in the literature as discussed earlier. The self-healing approach suggested in [4,53,54] is based on strong
assumptions that limits its applicability. First assumption is that application of the proposed solution of CBR cycle will
not cause another problem in the managed element. This is a strict assumption which is not applicable in real world scenar-
ios. Second assumption is that a solution algorithm can take indefinite amount of time. This is also not a practical assump-
tion. Another restriction of this approach is that it is only applicable to self-healing capability and cannot be generalized for
self-management of autonomic systems in general. This approach is also strictly applicable in externalization architecture
only. In [29], CBR has been applied for failure diagnosis. This approach has two major limitations. First limitation is that
it is specific to failure detection like the other proposed approaches in Refs. [4,53,54] and cannot be generalized to detect
optimization, protection or configuration problems in autonomic systems. Second limitation is that it uses CBR only to diag-
nose the problem but does not exploit it for remedial actions. Instead, a static rule-base has been used for failure recovery,
which limits the continuous learning of the autonomic manager.

In this paper, we intend to exploit CBR in its full capacity for diagnosing problems and planning solutions of autonomic
systems. Before the details of the proposed architecture are discussed, a brief overview of CBR is presented in the next
section.
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4. Case-based reasoning

CBR is a problem solving methodology which utilizes the past experience of similar kind of problems to solve the current
problem in an elegant fashion. CBR is a lazy learning paradigm which is very effective in scenarios where well-formalized
knowledge is not available and classical learning models do not work efficiently. This technique reduces the knowledge
acquisition bottleneck and enables learning in a problem domain where rich and complete background knowledge is not eas-
ily available [54]. Past experience is maintained in a repository in the form of problem-solution pairs. Each pair is known as
case and the whole repository is referred to as case-base.

CBR has been applied in the literature in a wide variety of application domains. An interesting application of textual CBR is
intelligent FAQ system [9]. Against user query, more closely relevant documents are retrieved and by applying various layers
of knowledge extraction, answer is found. Nature and depth of knowledge layers vary from domain to domain. CBR has been
applied in product selection tasks in E-commerce in Ref. [69]. Help desk applications are a popular application area of con-
versational CBR [68]. It has been realized in [9,61] that medical diagnosis is a reasoning process which extensively uses expe-
rience. CBR has been applied in this area as well for diagnostic purposes. Planning and design is another application of CBR
[9]. CBR has been effectively used in various sub-domains of software engineering as well like software quality prediction
[42] and software reuse [20,21,24,63]. As discussed in Section 3.1, CBR has also been exploited in self-healing and failure
diagnosis of software systems at a limited scale [4,29,53,54].

CBR systems work in five major phases which are also collectively known as 5R’s of CBR as shown in Fig. 3 [17], and are
explained below.

4.1. Retrieve

Current case is compared with the existing cases in case base and the cases that match the most are retrieved. To accom-
plish this task, various similarity metrics are used. Some of the commonly used similarity metrics for this purpose include
City block distance [27], Euclidean distance [27], Mahalanobis distance [42], geometric similarity metrics [26], probabilistic
similarity measures [55] and similarity measures based on fuzzy inner and outer products [38]. This gives us a set of nearest
neighbors of the current case. Selection of similarity measure depends upon problem domain, level of accuracy needed, time
complexity, etc. Inverse distance functions can also be used as measure of similarity between two cases.

4.2. Reuse

Solution of the nearest neighbors is used to devise solution of the current case. There exist various solution algorithms
which can be applied on solutions of the nearest neighbors to find out the solution of case at hand. These algorithms include
arithmetic average, weighted average [27], case-based inferencing using fuzzy rules [32], probabilistic methods [31], etc.
Selection of a solution algorithm depends on the priorities of neighbors, problem domain, nature of data and level of target
accuracy.

4.3. Revise

For better adaptation, we may need to revise the solution of the current problem. However to make CBR more sensible,
adaptation phase should be kept minimal. Substantial case adaptation or revision may harm the knowledge engineering
advantages to be obtained from CBR [17].

_ | Planned
Set of | Solution
NN’s Reuse
Revise
Retrieve
Problem Case- < Revised
(Case) base Retain Solution
Input Output

Fig. 3. CBR cycle [1].
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4.4. Retain

Once we have completed the job of devising solution of the current case, we may retain this new problem-solution pair in
the case-base. Decision about retention of the current case depends on the magnitude of newly acquired knowledge from the
current case. This is the beauty of the CBR approach that a recently solved problem is immediately available in the case-base
for future use [17,70].

4.5. Repair

Case-base growth is a continuous process due to the retain phase of CBR cycle. As the case-base size grows, it causes com-
putational bottlenecks. So, case-base needs to be repaired periodically so that efficiency of CBR cycle remains unaffected. The
repair phase is not a regular phase of the CBR cycle. It can be executed using different schemes given in literature [40].

Using CBR for externalization and internalization options in autonomic systems would yield benefits such as:

. Flexibility in case representation due to non-structural approach as opposed to Al planning and control theory.

. Simple and natural self-managing behavior due to nature inspired solution strategy.

. Comparatively lesser input pre-processing overhead due to the flexible problem representation format.

. The capability of exploiting past and the most recent experiences to suggest a solution of the current problem.

. Flexible revision mechanism for update of a suggested solution.

. Minimum off-line learning requirement as compared to most of the probabilistic and statistical learning techniques.

AU AN WN =

)]

. Self-management in autonomic systems: A CBR based modeling approach

This section presents CBR-based autonomic models for externalization and internalization, with their scope, proposed
CBR-based algorithms and CBR-based autonomic solution finding framework CBA.

5.1. CBR-based model for externalization

For the externalization architecture, a CBR-based autonomic manager is proposed as shown in Fig. 4. In this approach,
Monitor phase of autonomic manager detects the new problem using a dedicated sensor S which periodically executes a
diagnostic test on the managed system R after every T time units. Current state state. of R is captured through S, is compared
to the known target state state; and deviation dev of state. from state, is computed. If dev exceeds the deviation tolerance
limit ¢, then state. is passed to Analyze phase of the autonomic manager which transforms it into a case C,. G, is a vector
of significant parameters representing the current problem. Analyze and Plan phases of autonomic manager utilize the
CBR-based autonomic solution finder CaseBasedAutonome (CBA) which retrieves the nearest neighbors of C, from the case-
base. Detailed discussion of CBA follows in Section 5.3. The case-base resides inside the knowledge repository of autonomic

v éjtion Algorithm pl;,,,
Analyze \

Retrieval of Nearest Decision Making to
Neighbors Reuse or Refine

i ~/
q Decision Making to
Preparation of Case - Retain
Motjitor
¢ A4
New Monitored . Applying the
Problem Autonomic Solution
Manager
A Exefute
Sensor Actuator

Managed Resource

Fig. 4. Proposed architecture for externalization using CBR.
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Input: Monitored resource R, sensor S, executor E,

time delay T, tolerance limit &
Ouwtput: Autonomic behavior in R

Method:
1. Repeat step 2 to 5 after 7 time units
2. state,=readInterface(S, R)
3. dev= compareTo(state,, state;)
4. If(dev=¢)
a. cp=prepareCase(state.)

b. sol,=CBA(C),)
c. executeSolver(sol,, E, R)
d. state, =readInterface(S, R)
e. If(needUndo(state,))
i. rollBack(state,)
f. EndIf
5. EndIf
6. End Repeat

Fig. 5. Algorithm 1 - self-management algorithm using CBR.

manager. The solutions of the nearest neighbors are aggregated using a solution algorithm SA in the Plan phase of autonomic
manager to compute the solution sol,,. This solution is executed by the Execute phase of the autonomic manager onto R using
the actuator E. Cushion for the rollback option is also incorporated in case of any worse undesired new state. In such case,

Autonomic Component

Reuse
) Planned
Solution
Casel
/ Revise
Retrieve

Problem Revised
(Case) Solution

Retain

* Monitor Apply '
Case-base

Case 1

Operational Port

Functional Port (Computational Component)

Control Port

Fig. 6. Proposed architecture for internalization using CBR.
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undo option may be availed. To implement the CBR-base externalization architecture, we propose Algorithm 1 outlined in
Fig. 5.

5.2. CBR-based model for internalization

In internalization architecture, autonomic manager is implemented as a built-in component of managed element. We
propose a CBR-based extension of Accord [47] programming framework for autonomic applications. Accord uses a rule-agent
as part of the autonomic manager for analysis and planning purposes which limits the dynamic learning capabilities of the
autonomic manager. In this architecture, autonomic manager and managed element are not well-separated layers in imple-
mentation as such applications inherently exhibit autonomic behavior. We propose to integrate our CBR-based autonomic
solution finder CaseBasedAutonome (CBA) with control and operational ports of this programming framework using the strat-
egy shown in Fig. 6.

In our proposed approach, control and operational ports of the Accord [47] programming framework play vital role. The
control port is responsible for detecting the problem and presenting it to the CBR cycle as a case. The operational port con-
tains current knowledge in the form of a case-base. The Analyze and Plan functionalities of autonomic manager are per-
formed by the CBA using the similar steps as in Algorithm 1 but implementation process, architecture and scope of both
approaches are different. As the CBA is part of the autonomic component and not well separated from the computational
component, we do not need dedicated interfaces to act as sensors or actuators. Functional port is responsible to expose
the core functionality of the autonomic component to other components and has no direct concern within the proposed
architecture. In internalization architecture, operational and control ports play their role in computational component as
well as autonomic manager, whereas computational component and autonomic manager in the externalization architecture
are two separate layers and can only interact through dedicated sensors and actuators.

5.3. CaseBasedAutonome (CBA): CBR-based autonomic solution finder

CaseBasedAutonome (CBA) is a CBR-based tool and used as a basic building block in Algorithm 1. This algorithm is the crux
of the CBR based self-management approach and is implemented within the autonomic manager for the Diagnose and Plan
phases. The idea is to maintain a case-base CB containing n cases. Each case represents a configuration, failure, protection or
optimization problem of the managed element. A case is a vector of various parameters which are extracted from the
captured state of the monitored resource. Solution of each case is maintained in the form of a code snippet which is an effec-
tive way to dynamically solve problem in autonomic computing [36].

Before executing CBA, we have to select an appropriate similarity measure SM, a solution algorithm SA and cardinality N,,
of the set of nearest neighbors NN which contribute to find the final solution. Current case C, is compared with every case C;
in CB using SM and similarity sim; is computed which may be treated as weight w; of C; to find solution sol, of C,. We may also
keep same weight for all compared cases. Such decisions may vary from domain to domain. Set of nearest neighbors NN is
extracted based on the computed similarities and NN is aggregated using SA and w to find sol,. An automatic adaptation

Input: Given a case-base CB containing » cases, case representing
new problem Cj,. similarity measure SM. solution algorithm 54,
cardinality of nearest neighborhood |[NN|=N,

Quiput: Planned solution sol, of G,

Method:

1. Foreach C; € CB
a. sim; = findSimilarity(C,, C;, SM)
b wj=sim;

End For

NN = extractNeighbors(V,)

sol, = aggregate(NN,54,w)

If (needRevision())

a. sol,=revise(solp)

EndIf

7. If (needRetention())

a. CB=CRB U {<C,, sol,>}
b. Increment n

8. EndIf

G

=

Fig. 7. Algorithm 2 - CaseBasedAutonome (CBA).
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mechanism can be used to revise the solution, if needed. It is needed when C, was an entirely new experience and its closest
matches did not exist in CB. Again, an automatic mechanism may decide whether to retain the vector (G, sol,) as new expe-
rience in the CB. This decision depends on the magnitude of new knowledge contributed by this new experience. Implemen-
tation level details are given in Algorithm 2 in Fig. 7.

6. Research methodology

In order to effectively analyze the performance of proposed approach, a multi-dimensional research methodology has
been adopted. The performance of proposed algorithms is tested and empirically validated along each dimension. We used
accuracy as root mean squared error (RMSE) as the evaluation criteria in our empirical study for analyzing various dimen-
sions. In this section, we discuss these dimensions.

6.1. Nature of the case-base

We constructed two case-bases representing two different case studies, RUBiS and AFFA. Each case in RUBIS case-base is
represented in the form of nominal and binary attributes whereas each case in AFFA case-base is represented in the form of
numeric attributes scaled between 0 and 1. First case-base has been generated using an emulator for RUBiS whereas second
case-base has been synthetically generated using various rules extracted from the description of AFFA ports in [47,46]. Based
on the case-base nature, we used majority voting as the solution algorithm for RUBIS case-base and weighted average as the
solution algorithm for AFFA case-base. We used simple hold-out validation technique for RUBIS case-base and leave-one-out
(LOO) cross validation technique for AFFA case-base.

6.2. Similarity functions

Ten commonly used similarity functions for retrieval of the set of nearest neighbors of the current case have been used in
this paper. The analysis presents a comparison of these similarity measures on the basis of accuracy and RMSE against vary-
ing number of nearest neighbors. The selected similarity functions used in this research are Hamming distance, Manhattan
distance, Euclidean distance, Sim; [38], Sim, [38], Canberra distance, Bray-Curtis distance, Squared Chord distance, Squared
Chi-Squared distance and Jaccard similarity function. These similarity functions are given in Table 1.

6.3. Cardinality of nearest neighborhood

Set of nearest neighbors (NN) is used as the input to solution algorithm to devise the solution. We vary cardinality of NN
from 1 to size of the case-base. The purpose of this analysis is to find a similarity measure that requires least cardinality of NN
to give the best results.

Table 1
Similarity functions used.
Similarity measure name Similarity measure definition
Hamming similarity sim: — matchesy | (Pie,Pj)
[/ m
Manhattan distance dij = kL Wil Pie — Pyl
Euclidean distance 2
dij = \/ Skl (Wi (Pi — Pyr))

Sim, sim = 1 — max(IP;,0P)
IP;; = max(min(Py.,Pj.))
OP;; = min(max(Py,Pj.))

Sim, simi=1—ty %t
t;= mm(IP,j,l — OPU)
ty = IP,,»+(1270P,,)
Canberra distance di — M Pu—Pyl
ij k=1 Py 4Py
Bray-Curtis distance di Do PPl
v Z;:Llplkﬂ’m
Squared Chord distance 2
d dy = S (VP — v/Pi)
Squared Chi-Squared distance di—5m (IPy—Py )
ij = Zk:l PPy

R . ) cne
Jaccard similarity coefficient simy; = C‘SCJ-
L]
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6.4. Selection of model

We implemented and evaluated our proposed approach using various parameters mentioned above and compared their
accuracy and RMSE. The experimental setup giving maximum accuracy and minimum RMSE using the smallest possible size
of nearest neighborhood is recommended to be selected as the effective model for continuous use.

7. Case Study 1: RUBIiS

We selected Rice University Bidding System (RUBIS) [65] as the case study for our CBR-based externalization architecture
of autonomic computing. RUBIS is an auction site prototype equipped with all core functionalities of an auction site. It is an
open-source initiative, used as a benchmark in research for evaluation of various scalability and performance concerns of
application servers. The core functionalities of this bidding prototype include registration, selling, bidding and browsing.
There are three versions of RUBIS: PHP based, Java Servlets based and EJB based. We used the Java Servlets version as our
testbed. Servlets are used at the presentation tier and generate the HTML response after retrieving data information from
beans. MySQL is used as the database management system at the data tier. We implemented an emulator for RUBIS, a service
monitor and a problem resolution manager. Emulator emulates user actions which characterize the system state. Service
monitor monitors the current state of the system periodically. Problem Resolution Manager executes the planned remedial
action. We generated its case-base by executing this emulator. This case-base represents various configuration and healing
problems in the deployed RUBIS testbed. If a problem is reported then its solution is suggested by CBA as depicted in Fig. 4.
Finally, planned solution is executed on the managed resource (RUBiS) through Problem Resolution Manager. The implemen-
tation details of CBA given in Algorithm 2 with RUBIS are discussed below and shown in Fig. 8.

7.1. Problem injector

The problem injector has a pool of possible problems of diverse natures which can occur in the RUBIS testbed. It randomly
picks a problem from the pool after random interval and invokes a script which causes that problem to occur in the managed

Autonomic Manager

CaseBasedAutonome
Service Monitor Problem Resolution
Manager

T :

Managed Element (RUBIS)

Presentation Layer (Web Browser)

1 Y —

Application Layer (Apache Web Server) P
r

o

b

_| JSP 1
€
m

Servlets AL

Beans i I

n

J

‘ e
‘ C

t

Data Layer (MySQL) ‘r’

Fig. 8. RUBIS architecture with CBA.
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resource. The emulator injects configuration problems and service failures in Apache web server and MySQL. These problems
include corrupting the configuration file of the web server, shutting down the servers randomly, dynamically changing user
permissions over resources like database table, etc.

7.2. Autonomic manager

Autonomic manager interacts with RUBIS through dedicated sensor and actuator. The autonomic manager contains fol-
lowing three modules:

7.2.1. Service monitor

Service Monitor periodically captures state of the RUBIS testbed through sensor by executing various health tests. Each
health test returns a boolean value. 1 indicates that the tested resource is healthy and O indicates that the tested resource
is abnormal. Captured state is compared with the healthy state and if some deviation is observed then it is handed over to
the CBA.

7.2.2. CBA implementation for RUBiS
This section discusses the implementation details of CBA module for RUBIS:

i. Case representation: In general, a case C; can be represented as a set of n parameters:
Ci ={Pu,Pi,Ps, ..., Pin} (1)
The complete case-base B is represented as a set of m cases:
B={C,C3,Cs,...,Cn} (2)

In the testbed deployment, seven parameters were used to describe a RUBiS problem along with one solution param-
eter. These variables were extracted from the documentation of [65]. These variables include Service Name to be mon-
itored (SN), Permissions on the User table of the database (PU), Permissions on the Item table of the database (PI),
Permissions on the Bid table of the database (PB), Apache Server Configuration (SC), Apache Server Health (AH) and
MySQL Server Health (MH). The solution parameter is Configuration Script (CS) that represents name of a code snippet
to be executed by the Problem Resolution Manager. These parameters are the control parameters in the autonomic
context. PU, PI, PB and SC are the control parameters for self-configuration capability in the RUBIS testbed. AH and
MG are the control parameters for self-healing capability in the RUBIS testbed.

Each case of RUBIS is represented as a set of the above mentioned parameters:

Ci = {SN,PU,PI, PB,SC,AH, MH, CS} 3)

ii. Case retrieval: The holdout validation technique [43] was applied for the empirical evaluation of our proposed
approach on RUBIS. A bootstrap case-base was generated using the experience of human experts and was used as
the training case-base. A sample bootstrap case-base has been shown in Table 2. The problem injector on RUBIS
was executed to generate the test cases. Appropriate similarity measures were selected from Table 1 for the retrieval
of varying number of nearest neighbors from the training case-base. As SN is a nominal attribute (NA), we used a het-
erogeneous version of all the similarity measures by assuming equal weights of all attributes, as given in Eq. (4).

_J'(NAp,NAg) + (v = 1)(f"(Dp, Dg))

f(Cp.Co) = . (4)
where

D, = G, — {NAy} (5)
Dq = Cq - {NAq} (6)
f'(NA,,NAg) =1, if NA, = NA; (7)
f’(NAp,NAq) =0, if NA, # NA, (8)

Here fis a similarity function, NA = SN, 7 =7 and sim(C, — {NA,},Cq; — {NA4}) is the similarity between two cases using
one of the selected similarity measures.

iii. Case reuse: The solution parameter in this case study is a nominal variable. Therefore, majority voting algorithm given
in Fig. 9, was used as the solution aggregation algorithm during the reuse phase of CBR cycle. The solution is repre-
sented as a configuration script (CS). Each CS is a code snippet to resolve the reported problem. For example, CS1 is
a code snippet to restart the Apache webserver and is executed when AH is reported as 0 by the sensor.

iv. Case revision: In this case study, a simple revision algorithm shown in Fig. 10 was implemented which yielded inspir-
ing results. The solutions of the nearest neighbors were applied iteratively until a specific neighbor rectified the
problem.
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Table 2
Sample bootstrap case-base for RUBIS.
S. no. SN PU PI PB Ne AH MH Solution
1 Sell 1 1 1 1 0 1 CS1
2 Sell 0 1 1 1 1 1 CS2
3 AboutMe 1 0 1 1 1 1 CS3
4 Home 1 1 1 1 1 0 CS4
5 Browse 1 1 0 1 1 1 CS5

Input: Solution set S5, nearest neighbors NN
Quipuz: Solution with majority vote
Method:
1. Foreach: €SS
a. count[i]=0
2. EndFor
3. Foreachj e NN
a. count|[sol;] = count[sol;]+1
4. EndFor
5. retumn maxgess(count [ k])

Fig. 9. Majority voting algorithm.

Input: NN(Cy). error threshold =
Quzpur: Adapted solution sol,
Method:
1. Sort NN(C,)in descending order with
respect to similarity
2. Foreach C; € NN(Cp)
a. If(|sol; — solacteal < £)
1. retum sol;
b. EndIf
3. EndFor

Fig. 10. Solution adaptation algorithm.

v. Case retention: Two cases are treated different if they vary by at least one attribute in this case-base. If the current case
is different from all of the existing cases in the case-base, it is retained in the case-base as new knowledge. In this way,
our experience base gets richer incrementally and causes the improved efficiency of the proposed approach.

7.2.3. Problem Resolution Manager

Problem Resolution Manager acts as the tool for applying the proposed and revised solution of CBA. It invokes an appro-
priate solution script against the suggested plan through actuator, which is executed on the deployed testbed.

7.3. Results and discussion for RUBIS testbed

CBR-based externalization approach was applied in the above experimental setup and results were analyzed. Two perfor-
mance measures have been used in this case study namely accuracy and root mean squared error (RMSE). Results are dis-
cussed with reference to the following dimensions:

7.3.1. Role of N,

If N, is increased and more neighbors are allowed to contribute in the solution of C,, then accuracy decreases, and RMSE
increases, as shown in Tables 3 and 4. Maximum accuracy obtained using varying values of N, is shown in Fig. 11. The
deceasing trend is due to nature of RUBIS case-base which contains nominal and binary attributes. In these data types, every
mismatch of two values of an attribute is equally treated and is equidistant.
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Table 3
Accuracy of selected similarity functions for RUBIS.
Similarity measure N,=1 N, = N,=3 N,=4 N,=5 N,=6
Hamming distance 0.76 0.56 0.5 0.45 0.3 0.29
Manhattan distance 0.8 0.5 0.37 0.36 0.3 0.29
Euclidean distance 0.8 0.5 0.37 0.36 0.3 0.29
Sim 1 0.34 0.28 0.23 0.28 0.29 0.29
Sim 2 0.16 0.1 0.1 0.22 0.29 0.29
Bray-Curtis distance 0.17 0.11 0.11 0.23 0.29 0.29
Squared Chord distance 0.8 0.5 0.37 0.36 0.3 0.29
Jaccard distance 0.29 0.29 0.29 0.29 0.29 0.29
Bold values are the optimal points.
Table 4
RMSE of selected similarity functions for RUBIS.
Similarity measure N,=1 N, = N,=3 N,=4 N, = N, =
Hamming distance 0.489 0.663 0.707 0.742 0.837 0.843
Manhattan distance 0.447 0.707 0.794 0.799 0.837 0.843
Euclidean distance 0.447 0.707 0.794 0.799 0.837 0.843
Sim 1 0.812 0.848 0.877 0.848 0.843 0.843
Sim 2 0.916 0.948 0.948 0.883 0.843 0.843
Bray-Curtis distance 0911 0.943 0.943 0.877 0.843 0.843
Squared Chord distance 0.447 0.707 0.794 0.799 0.837 0.843
Jaccard distance 0.843 0.843 0.843 0.843 0.843 0.843
Bold values are the optimal points.
0.9
0.8
0.7 1

Max Accuracy
o
~
‘

1 2 3 4 5 6

Nn

Fig. 11. Effect of N, on maximum accuracy in RUBIS testbed.

7.3.2. Selection of similarity measure

This empirical investigation shows that three similarity measures among the selected ones perform equally good as
shown in Tables 3 and 4. They are Manhattan distance, Euclidean distance and Squared Chord distance. Hamming distance
also performed closer to these similarity measures. In this investigation, no adaptation algorithm was applied, and compar-

ison was made on the basis of first suggested solution by CBA.

7.3.3. Role of adaptation algorithm
The iterative adaptation strategy adopted in this case study yielded inspiring results. Experiment was repeated three
times and accuracy was achieved upto 98%. Results are shown in Tables 5 and 6. With the increased number of iterations

Table 5

Accuracy of adaptation algorithm for RUBIS.

Similarity measure

No adaptation

One iteration

Two iterations

Hamming distance
Manhattan distance
Euclidean distance

Sim 1

Sim 2

Bray-Curtis distance
Squared Chord distance
Jaccard distance

0.76
0.8
0.8
0.34
0.16
0.17
0.8
0.29

0.92
0.93
0.93
0.51
0.32
0.33
0.93
0.45

0.98
0.98
0.98
0.69
0.51
0.52
0.98
0.72

Bold values are the optimal points.
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Table 6

RMSE of adaptation algorithm for RUBIS.
Similarity measure No adaptation One iteration Two iterations
Hamming distance 0.489 0.283 0.141
Manhattan distance 0.447 0.245 0.141
Euclidean distance 0.447 0.245 0.141
Sim 1 0.812 0.7 0.557
Sim 2 0.916 0.824 0.7
Bray-Curtis distance 0.911 0.818 0.693
Squared Chord distance 0.447 0.245 0.141
Jaccard distance 0.843 0.742 0.529

Bold values are the optimal points.

in the adaptation strategy, accuracy increases, and RMSE decreases. Iterations 1, 2 and 3 yielded 80%, 93% and 98% accuracy
respectively.

7.3.4. Lower bound in CBA performance
An interesting observation in this study is that performance of CBA becomes constant after N, = 6. Another observation is
that all similarity measures used in this case study perform equally bad at the maximum value of N,,.

7.3.5. Recommended model for CBA of RUBIS
On the basis of this empirical study, we selected CBA model N,, = 1, Manhattan distance, Euclidean distance or Squared
Chord distance as similarity measure and the iterative adaptation strategy upto three iterations.

8. Case Study 2: Autonomic Forest Fire Application

Autonomic Forest Fire Application (AFFA) [46,47] was selected for the experiments based on the proposed CBR-based
internalization architecture of autonomic computing. The application forecasts the strength, speed and direction of the forest
fire as it propagates under various conditions. This prediction process is based on various dynamically changing environmen-
tal conditions. The application consists of four components as shown in Fig. 12: Data Space Manager (DSM), Computational
Resource Manager (CRM), Rothermel, and Wind Model. DSM represents the forest as a two-dimensional data space of cells.
CRM keeps records of the available resources and keeps DSM informed about them. Each cell may have unburned, burning, or
burnt status. Rothermel computes the value and direction of fire spread based on wind direction and intensity provided by
Wind Model. We have customized this application to predict the probability of a particular cell to be burnt. On the basis of
this probability, CRM may run a configuration script to update its configurations and take further steps to adapt precaution-
ary protective measures and reconfigure the forecasted parameters. AFFA is a rule-based self-configuration application.
These rules have been defined in the operational port of the autonomic component. The case-base CB was created by record-
ing the (a, B, w) triplet by executing the rule-base, where « is the attribute, 8 is the corresponding value of o and y is the

CaseBasedAutonome (CBA)

Operational

Control Port
Port

Rothermel Wind Model

Functional Port

Fig. 12. AFFA architecture with CBA.
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outcome of the rule. The direct and indirect attributes were extracted from the description of the rules and ports of the auto-
nomic component given in Refs. [46,47].

AFFA uses the Accord programming framework [47] and constitutes two major parts [46,47], computational component
and element manager, discussed below.

8.1. Computational component in AFFA

Computational part is the managed resource and constitutes the core business functionality of the whole autonomic
application. In conventional architecture of the autonomic element, this is also known as managed resource. In our simula-
tion, computational component represents the dynamic fire growth against different environmental conditions in the forest.
Forest is represented by a two-dimensional grid. In our simulation, it is a 6 x 6 grid. Following the Accord framework [47], it
defines the following three ports:

8.1.1. Functional port

This part of the autonomic application represents and manages the interactions of an autonomic component with other
components and is represented as II. It defines an input-output set of functionalities n € Q x A where Q represents the
functionalities being used by the autonomic component and A represents the functionalities being exposed by this compo-
nent to other components. This port has no contribution in this case-study because handling the functionality exposed by an
autonomic component to the environment is out of scope of this research work.

8.1.2. Control port

Control port (@) of the autonomic component defines the relation between the managed resource and element manager
for observing the current state and actuating self-management plan. As autonomic manager is CBA in this testbed, therefore
CBA interacts with the computational component using @.

8.1.3. Operational port

This is another core part of the autonomic component which maintains rules and constraints used by the element man-
ager and is represented as I'. In this testbed, it maintains the case-base CB to plan the remedial action of the current case C,.
CBA interacts with the knowledge-base through I" during various steps of CBR-based problem solving process.

8.2. CBA implementation for element manager of AFFA

Element manager is an embedded autonomic manager which takes the responsibilities of invoking appropriate rules from
operational port. Element manager is implemented as a rule agent in the Accord framework [47]. The rule-agent has been
replaced by CBA as shown in Fig. 12.

As AFFA is an internalization based application so autonomic manager, which is essentially CBA with the application
ports, is not implemented as an isolated layer. A synthetic case-base of 500 cases of AFFA simulation was prepared using
the rules and information of various ports given in Refs. [46,47]. Details of CBA implementation in this testbed are discussed
as follows:

8.2.1. Case representation

For testing purposes, five parameters were used to describe the problem along with two dependent parameters to rep-
resent the solution. Selected parameters include Number of Burning Cells in the Grid (N), Wind Direction with reference
to X (WD), Fire Speed (FS), Wind Intensity (WI) and Minimum Distance from the Burning Cell (MD). Two dependent attributes
to be predicted are Predicted Probability (PP) that cell X will be exposed to fire and Configuration Script (CS) based on the PP
value. PP values are distributed in four equidistant bins where each bin represents a CS.

Each case of Autonomic Forest Fire Application is represented as a set of the above mentioned parameters:

C: = {N, WD, FS, WI, MD, PP, CS} ”

8.2.2. Case retrieval

The leave-one-out (LOO) cross-validation technique was used for the experiments in this case-study. Only those similar-
ity measures were selected from Table 1 which are applicable on numeric datasets. We tested these similarity measures
using different number of nearest neighbors as discussed in Section 6.

8.2.3. Case reuse
Case reuse phase is used to devise the solution of current problem using NN. We applied weighted arithmetic average
(WAA) as the solution algorithm to devise the solution of C,. WAA is given in Eq. (10).

S0l = >~ WSl (10)

qeNN
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Table 7

Accuracy of selected similarity functions for AFFA.
Similarity measure N,=1 N,=2 N,=3 N,=4 N,=5 N,=6 N,=7 N,=8
Manhattan distance 0.84 0.84 0.88 0.87 0.89 0.88 0.89 0.9
Euclidean distance 0.88 0.88 0.89 0.89 0.89 0.89 0.9 0.9
Sim 1 0.58 0.57 0.65 0.64 0.69 0.7 0.71 0.72
Sim 2 0.58 0.57 0.61 0.61 0.61 0.62 0.61 0.6
Canberra distance 0.79 0.79 0.82 0.82 0.82 0.83 0.83 0.83
Bray-Curtis distance 0.83 0.83 0.84 0.86 0.84 0.85 0.84 0.85
Squared Chord distance 0.85 0.85 0.87 0.86 0.87 0.87 0.87 0.88
Squared Chi-Squared distance 0.85 0.85 0.87 0.86 0.87 0.88 0.87 0.88
Jaccard distance 0.6 0.59 0.67 0.68 0.66 0.67 0.68 0.68

Bold values are the optimal points.

Table 8

RMSE of selected similarity functions for AFFA.
Similarity measure N,=1 N, = N, = N,=4 N, = N, = N, = N, =
Manhattan distance 0.101 0.08 0.078 0.078 0.077 0.076 0.077 0.077
Euclidean distance 0.09 0.08 0.076 0.076 0.076 0.076 0.075 0.075
Sim 1 0.181 0.145 0.141 0.137 0.134 0.131 0.13 0.128
Sim 2 0.173 0.148 0.137 0.134 0.134 0.135 0.135 0.136
Canberra distance 0.117 0.098 0.092 0.092 0.092 0.092 0.091 0.091
Bray-Curtis distance 0.1 0.09 0.085 0.084 0.084 0.085 0.085 0.085
Squared Chord distance 0.1 0.082 0.078 0.078 0.079 0.078 0.078 0.079
Squared Chi-Squared distance 0.099 0.083 0.078 0.078 0.078 0.077 0.078 0.078
Jaccard distance 0.169 0.144 0.135 0.135 0.131 0.129 0.129 0.128

Bold values are the optimal points.

where,
SiMmpg

_ 4 (11)
I 2 _qennSiMpg

Wp,

8.2.4. Case revision

Case revision strategy adapted in this case study involves variation of N,,. If current solution is not fitting in the current
scenario then we re-iterate Algorithm 2 by changing N,, until an optimal value of N,, is found. It is evident from the empirical
results that this approach yields up to 90% accuracy as shown in Table 7. This revision strategy is different from that of RUBiS
due to the difference of datasets’ nature.

8.2.5. Case retention

Once a solution of a new problem has been suggested then this new problem-solution pair is retained in the case-base as
a new case. In this way, experience-base keeps on growing as well as getting richer. We retain a new problem-solution pair,
if it does not match exactly with any of the existing cases. This affects retrieval efficiency when case-base gets too large. We
intend to investigate this problem in the future work.

8.3. Results and discussion for AFFA

Accuracy and root mean squared error (RMSE) have been selected as the performance measures of the proposed meth-
odology for this case study. The results of this empirical investigation have been analyzed across following dimensions.

8.3.1. Role of N,

In this experimental setup, value of N, was varied from 1 to the size of the case-base to investigate a value of N,, for which
optimal accuracy is obtained for each similarity measure. Optimal values for all similarity functions were found for N, in the
range of 1-8. As depicted in the results shown in Tables 7 and 8, variation in accuracy is observed upto 2% which is not that
much significant with the increasing value of N,. This behavior with maximum possible accuracy is shown in Fig. 13. This
behavior is due to the numeric nature of AFFA case-base in which all numeric attributes are scaled between 0 and 1.

8.3.2. Selection of similarity measure
Euclidean distance can be inferred as the best similarity measure for this case-study as it gives maximum accuracy and
minimum RMSE among all similarity measures as shown in the second columns of Tables 3 and 4. Other closer similarity
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Fig. 13. Effect of N,, on maximum accuracy in AFFA testbed.

measures are Manhattan distance, Bray-Curtis distance, Squared Chord distance and Squared Chi-Squared distance. In this
investigation, no adaptation algorithm was applied, and comparison was made on the basis of first suggested solution using
N, by CBA.

8.3.3. Role of adaptation algorithm

The adaptation strategy adopted in this case study was varying values of N,. This adaptation strategy yielded accuracy
upto 90% at N, = 7 for Euclidean distance and N,, = 8 for Manhattan distance. Results shown in Tables 7 and 8 also indicate
that this adaptation algorithm yielded upto 88% accuracy in case of Squared Chord distance and Squared Chi-Squared dis-
tance. With the increase of N, in the adaptation strategy, no more optimal point beyond N, = 8 was observed.

8.3.4. Recommended model for CBA of AFFA

On the basis of this empirical study, we selected CBA model with N, =1 and Manhattan distance, Euclidean distance,
Squared Chord distance or Squared Chi-Squared distance as similarity measure. Adaptation strategy may give better perfor-
mance but improvement observed in this adaptation strategy is upto only 2%. We recommend N, = 1 because it yields upto
88% accurate results and offers minimum computational overhead. We recommend all these four similarity measures as the
good candidate for the selected model because there is no abrupt major change in their behavior.

9. Conclusion and future work

In this paper, a CBR-based modeling approach has been presented for the externalization and internalization architectural
options of autonomic systems. A CBR-based solution finder for autonomic systems CaseBasedAutonome (CBA) has been pro-
posed and discussed in implementation level details. An empirical investigation has been conducted for exploring effect of
different CBR parameters in externalization and internalization domains. Two case studies namely RUBiS and AFFA have
been used in this empirical study. The results show that the proposed framework promises upto 98% accuracy in external-
ization architecture and 90% accuracy in internalization architecture. The study also reveals that Manhattan distance and
Squared Chord distance perform as good as Euclidean distance in the externalization case study. But Euclidean distance is
the best similarity measure for the internalization architecture across all cardinalities of nearest neighborhood and different
adaptation schemes. This variation in performance is due to the nature of the datasets. The study also discusses the effect of
cardinality (N,) of nearest neighborhood and adaptation algorithms. No significant improvement in the performance of CBA
has been observed for the larger values of N,. Smaller values of N, show adequate performance and have been used for con-
fining the solution space of the monitored problem. Adaptation mechanisms of CBR presented in this paper have resulted in
18% and 6% performance improvement in externalization and internalization architectures respectively.

This study considers only discrete cases. In many scenarios, it is not possible to fetch the precise information from the
managed element. Incorporating the vague and imprecise knowledge in autonomic manager by applying fuzzy theory along
with CBR is the intended future direction of this work.
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