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ABSTRACT Cloud service selection and ranking are two different but related important tasks in the realm
of cloud computing. Given the rapid growth in the number of available services offered by cloud providers
with different quality of service, these tasks are becoming more and more challenging to be managed by the
end customers. Furthermore, many services in the cloud are defined over a large set of attributes where the
potential customer is interested on only a small subset of them. The other attributes are viewed as irrelevant to
the customer selection and ranking strategies. In this work, we show how to employ conditional preferential
dependencies in the domain of cloud service selection and ranking. In particular, we use Conditional
Preference Networks (CP-nets) as a compact model to represent and reason with customer’s preferences
and criteria interdependencies. We show how to select the best service and how to rank, in non-increasing
order, a set of services given possibly incomplete information in the customer’s CP-net. Our experimental
results prove the feasibility of CP-nets as a mechanism for selecting and ranking hundreds of services defined
on hundreds of attributes with complex interdependencies.

INDEX TERMS Conditional preferences, CP-nets, cloud service selection, ranking, decision making.

I. INTRODUCTION
Cloud computing has emerged as the standard paradigm for
many organizations when looking to expand or establish
IT services or infrastructure [1]. This has given a rise to a
market where a large number of cloud services are offered
to potential customers with different attributes and levels
of quality of service (QoS). Hence, the task of identify-
ing the best service or ranking the available services are
becoming more challenging and drawing a lot of attention
recently [2]–[8].

Typically, services are perceived as a mapping of values
to a set of criteria or attributes1 that describe technical and
non-technical service requirements such as capacity, memory,
QoS parameters, and other attributes defined by the poten-
tial customer or provider. One of the noted issues in the
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approving it for publication was Wei Wang .
1We use the words attributes, variables, and criteria interchangeably

throughout the paper.

literature is the lack of formal approaches to tackle criteria
interdependencies [3], [8]–[10]. It is commonly assumed that
the preference relation of one attribute is independent from
all other attributes when selecting a service. However, it is
natural for the preference of one criterion to depend on the
values of other criteria. Another issue is the fact that services
are usually defined over a large number of attributes where
only a small subset of them are relevant to the customer
preferences.

In decision theory, a possible remedy for the above
two issues is by utilizing the notion of preferential depen-
dency [11] which has been discussed and applied in many
contexts [12]–[14] and employed within the model of Con-
ditional Preference Networks (CP-nets) [15]. CP-nets allow
customers to identify their relevant attributes and express the
preferences on smaller and more manageable set of solutions
or services.

Informally, a CP-net is a collection of qualitative prefer-
ence statements having the form: x : y � y′ which means
the preference of variable Y with possible values y and y′ is
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conditioned upon the value of another variable X whereas the
symbol� denotes the preference relation. Specifically, when
X = x, y is preferred to y′. The preference holds only when
x is true. This way, the preference of Y is independent from
all other attributes given the values of its dependent variables
(i.e., X ). In this work, we show that representing/modeling
conditional preferential dependencies via CP-nets is an effi-
cient/suitable approach for the cloud service selection prob-
lem even when there is a large (i.e., hundreds) number of
attributes describing every service. Furthermore, we con-
sider the case when customers supply partial preferences
(i.e., incomplete CP-nets) and the system is asked to return
a ranked list on the available services, in a non-increasing
order, based on the given information. Such results confirm
our hypothesis that CP-nets are a valid option in representing
and reasoning about decision making issues related to the
cloud.

Recently, there have been some attempts to tackle com-
plex criteria interactions within the problem of cloud service
selection [3], [5], [9], [16]. However, they are either of a
quantitative nature where an importance weight for every cri-
terion is computed based on pairwise comparisons tomeasure
the dependencies [2], [9] or inefficient in the sense that they
assume the existence of a graph that is exponential in the
number of attributes [5]. Moreover, almost all the proposed
approaches in the literature were tested against random or real
instances with small number of attributes (most of the time
up to 20 criteria). It is practically important for the proposed
approach to be scalable to hundreds of attributes and services.

To the best of our knowledge, there exists no purely qualita-
tive approach to the problem of service selection and ranking
when the CP-net is assumed to be incomplete with hundreds
of attributes in the domain.

The paper is organized as follows: Next section presents
an example to motivate utilizing CP-nets with the domain
of cloud service selection and ranking. Related approaches
are discussed in Section III. Section IV presents the back-
ground information on CP-nets. Section V presents the
proposed approach to select best service and rank avail-
able services given the customer’s CP-net. Experiment
results showing scalability of the approach is presented in
Section VI. Finally, conclusion remarks and future work is
discussed in Section VII.

II. MOTIVATION EXAMPLE
Consider a customer, Emma, who wants to select among all
the available services, the one that fits her preferences the
most. At first, Emma always prefers to have a service from
providers with high Reputation (Rep), and high Availabil-
ity (A), Security (Sec), Reliability (Rel), and Successability
(Suc). She categorizes the possible values for each of the
above attributes or criteria into a set of three values high (h),
medium (m), or low (l) for her convenience. Furthermore,
Emma’s preference on Replicability (Rec) depends on the
attribute Cost (C) of the service. If the cost is high, she prefers
a high replicability tomedium or low. As for the hosted region

of the service, she always prefers Europe (EU ) to North
America (NA) or the region of Middle East and North Africa
(MENA). Finally, the cost value depends to the reputation of
the provider and the availability of the service. Emma is not
willing to invest in a high cost service if the reputation is low
and the availability is medium or low.

Thus, among all the services attributes, Rep,A, Sec,
Rel, Suc,Rec,Reg and C are the relevant ones to her pref-
erences. For the preference of Reputation, we can conclude
that h � m � l, for instance, where � is the preference
relation (formal definitions will be given in Section IV) and
x � x ′ means ‘‘x is preferred to x ′ for the attribute under
consideration’’. Emma’s knowledge shows some interdepen-
dencies within criteria or attributes. This is evident in her
preference over Rec criterion where she prefers Rec = h
(i.e., high Replicability) if the service cost was high
(i.e., C = h).
Figure 1 shows the CP-net of Emma based on the above

eight attributes. Each node in the graph represents a rel-
evant criterion or an attribute, whereas edges represent
dependencies. Each node is also annotated with a Condi-
tional Preference Table (CPT) that shows preference rela-
tions of this attribute given assignments of its dependent
variables (also known as parents). For instance, Emma’s
preference on the cost depends on the values of Reputa-
tion and Availability (referred to as the parent attributes of
Cost). Specifically, if the provider has low reputation and
medium or low availability, she is not interested in invest-
ing high cost of money in the service. The CPT of the
Cost shows for some values of the parents (i.e., Reputation
and Availability), a preference relation on the values of the
Cost.
It is important to notice that the CP-net shown in Figure 1

has some incomplete preference information. For example,
the preference of Replicability when Cost is medium or low
is not given and the network shows Emma’s preference only
when the Cost is high. Such missing knowledge (or incom-
plete preference) is natural in everyday’s decisions and needs
to be handled properly within cloud service selection and
ranking approaches. It is rarely the case where the potential
customer is able to give complete preferences on different
attributes depending on different parents.
Technically speaking, a service is a mapping from every

attribute in the problem to an element of its domain. For
instance, in the above CP-net, all attributes have three pos-
sible values or domain (h,m, l) except for Region where
EU ,NA, and MENA are the possible values. Any such map-
ping is considered a potential service and in our case we have
38 possible services.
This albeit is a standard assumption in many works, it is

unrealistic in practical problems as the ones we are discussing
here. Usually, the customer has an access to a large set of
services and she wishes to select or rank them based on her
intuition. Thus, in this work, we always assume a subset of
the services are available and our goal is to rank them based
on the customer’s CP-net.
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FIGURE 1. Emma’s network showing different interdependencies among criteria.

III. RELATED WORK
The cloud service selection and ranking problem has attracted
a lot of attention in the last recent years [9], [10], [17]. The
proposed approaches can be roughly classified into either
quantitative or qualitative multi criteria decision making or
multiobjective optimization approaches.

It is natural to view the problem as a multi criteria decision
making (MCDM) problem. Indeed, many existing works in
the literature adopt this view and utilize different MCDM
techniques including TOPSIS [18] and AHP [7], [19], [20]
to tackle the problem. For instance, an MCDMwas proposed
in [18] utilizing TOPSIS technique to rank available cloud
services to the customer and experimentally compared it to
AHP and fuzzy AHP techniques. These approaches usually
involve the criteria importance weight that is assumed to
be computed and then select the most appropriate decision
among possible alternatives.

The closest work to ours is probably the work of
Sun et al. [9] where anMCDMapproach was proposed taking
into account the criteria interdependencies. The authors in
this work compute the importance value for every criterion
via pairwise comparisons to measure the interaction degree
between every pair of criteria. The work supports three types
of interactions: conflicting, supporting, and independent. The
strength of interactions is determined from historical data
where the problem was solved using non-linear constraint
optimization techniques. Chung and Seo [21] presented an
analytical network process (ANP) method to select best IaaS
provider. In [3], a hybridMCDMapproach based onANPwas
proposed where cloud providers were clustered into groups
and criteria interactions were identified based on representa-
tive criteria in each cluster.

There exists several attempts on utilizing CP-nets in differ-
ent tasks related to cloud computing [2], [5], [6], [22], [23]
including virtual machine placement [23] and service

composition [2]. Alashaikh and Alanazi [23] tackled the
optimization problem of virtualization in cloud data cen-
ters where the virtual machine owner has a simple CP-net
representing customer’s preferences over different attributes
related to the virtual machine.

Fattah et al. [2] considered the problem of finding the
optimal set of requests for an IaaS provider, i.e., a problem
known as service composition. It was assumed that there
exists several CP-nets where every customer is associated
with a CP-net and they are compared against the provider’s
CP-net. The customers with similar preferences to the
provider preferences are then recommended.

Another interesting work is [5], [16] where authors pro-
posed an economical model based on a temporal variant
of CP-nets for long term IaaS provider profit. In principle,
it is assumed that the preferences change over time and the
induced graph of the IaaS provider, which is exponential
in the number of attributes, is given (see Definition 7 in
the following section). Then, the model tries to match the
incoming requests to the provider’s preferences.

IV. CONDITIONAL PREFERENCE NETWORKS (CP-NETS)
We assume a problem domain that can be factored into a
finite set of attributes V = {X1,X2, . . . ,Xn}. Each variable
Xi ∈ V has a set of possible values (its domain) dom(Xi) =
{x i1, x

i
2, . . . , x

i
m}. For a subset Y = {X1,X2, . . . ,Xj} of V ,

we use dom(Y ) to denote the elements of the Cartesian prod-
uct dom(X1) × dom(X2) × · · · dom(Xj). An assignment is an
arbitrary element of dom(Y ). For an assignment s of Y ⊆ V ,
we use s[X ] to refer to the values of X ⊆ Y in s. For the
special case when Y = V , the elements of dom(Y ) is known
as solutions and we refer to them as S. Indeed, there are
|dom(X1) × dom(X2) × · · · dom(Xn)| possible solutions in
this case. We use xy to denote concatenating the assignment
y ∈ dom(Y ) to another assignment x ∈ dom(X ) for two
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mutually exclusive sets X and Y of V . Such problem domains
are known as combinatorial domains.
Definition 1: A preference � on a set S is an irreflexive,

antisymmetric, and transitive binary relation.
� is also known as a strict partial order on S. For any two
elements s, s′ ∈ S, we write s � s′ to refer to the fact that s
is strictly better (or preferred to) s′, and s 6� s′ to denote that
s is not strictly preferred to s′. Also, s and s′ are said to be
incomparable if s 6� s′ and s′ 6� s holds otherwise they are
comparable. Finally,� is a total order if any two elements in
S are comparable. Given that the size of S is exponential in
the number of variables |V| = n, it is practically infeasible
and cognitively expensive to work directly on S. Fortunately,
one can reduce the preference effort to smaller variables
domains when certain structural independencies hold.
Definition 2 ([15]): X is said to be preferentially indepen-

dent from another set Y iff

xy � x ′y ⇐⇒ xy′ � x ′y′,

for all x, x ′ ∈ dom(X ) and y, y′ ∈ dom(Y ).
In essence, X is preferentially independent from another

set Y in case the preference given to the set X does not change
no matter what Y is. That is, knowing Y ’s values does not
add anything new to the preference relation defined on the
set X . There is also a more fine-grained conditional version
of preferential dependency stated as follows
Definition 3 ([15]): Consider X ,Y and Z to be disjoint

sets of V where X ∪Y ∪Z = V . We say that X is independent
from Y conditioned on another set Z iff

xyz � x ′yz ⇐⇒ xy′z � x ′y′z,

for all x, x ′ ∈ dom(X ), y, y′ ∈ dom(Y ) and z ∈ dom(Z ).
Thus, the notion of (conditional) preferential independency

allow us to compactly articulate and represent the preference
of variable Xi regardless of how large the domain is. We are
only required to supply locally how different elements of
dom(Xi) stand with different assignments of the dependent
variables Y while ignoring the assignments of all other vari-
ables in V\{Y ∪ Xi} which are independent of Xi. Then,
an aggregation operation over variables relations is needed
to compare the elements of S.
In what follows, we show that such dependencies comes

handy given a set of conditional preference statements
and we outline the basics of CP-nets as presented in the
literature [15].
Definition 4: Given an assignment y ∈ dom(Y ) for an

arbitrary subset Y ⊆ V\Xi, a conditional preference state-
ment for Xi with respect to y, denoted as �iy, is a preference
relation over dom(Xi).
We abuse the notation and write �i in the context of y

to refer the conditional statement �iy which is also written
as y :�i.
Example 1: Consider V = {X1,X2} with their identical

domain dom(Xi) = {h,m, l} shorthand for high, medium, and
low. A conditional statement h : l �1 h is interpreted as ‘‘if
X2’s value is high then I prefer low to high as a value for X1’’

Note that the statement is a partial order as, for example,
there is no information how X1 = h stands with respect to
X1 = m when X2 = h.
Definition 5: A Conditional Preference Table for a vari-

able Xi (written as CPT(Xi)) with respect to other variables
Y ⊆ V\Xi is a collection of conditional preference state-
ments �iy1 ,�

i
y2 , · · · ,�

i
yr where yj ∈ dom(Y ) for all j ∈

{1, 2, . . . , r}.
Example 2: Consider again V = {X1,X2} and dom(Xi) =
{h,m, l}. A possible CPT(X1) with respect to X2 is

h : h �1 m �1 l

m : h �1 l �1 m

l : m �1 l �1 h

CPT(Xi) is said to be complete if �iy is total and CPT(Xi)
shows a statement for every y ∈ dom(Y ), otherwise it is
incomplete. The CPT in Example 2 is a complete one. It how-
ever will be incomplete if �1 was partial in any context
of y ∈ dom(X2) or if one or more statements are missing.
Therefore, the incompleteness of CPT(Xi) is either because
there exists no statements for some elements of dom(Y ) or
because, for some statements y :�i, the preference �i is a
partial order over dom(Xi), or both. By Pa(Xi) we refer to
the set of variables Y whose assignments are the contexts
in CPT(Xi).
Definition 6: A CP-net over a set of variables V =

{X1,X2, . . . ,Xn} is a directed graph whose nodes are V and
an edge (Xj,Xi) exists iff Xj ∈ Pa(Xi) and each vertex Xi ∈ V
is associated with CPT(Xi) whose contexts are dom(Pa(Xi)).

The CP-net graph shows the preferential dependencies that
hold in the problem domain. That is, Xi is independent from
all other variables given its parents Pa(Xi). When developing
an application, the CP-net can be constructed as follows:
• For every variable Xi ∈ V , the user is asked to choose
‘‘parent variables’’ Pa(Xi) ⊆ V\Xi that affect the prefer-
ence relation of Xi.

• For some assignments u ∈ dom(Pa(Xi)), the user articu-
lates preference statement �iu over dom(Xi).

In case the user supplied a total order statement for every
u ∈ dom(Pa(Xi)) then we have a complete CP-net, otherwise
it is incomplete.
Example 3: Figure 2 shows a CP-net over three variables

V = {X1,X2,X3} with dom(X1) = {x1, x̄1}, dom(X2) =
{x2, x̄2}, dom(X3) = {x3, x̄3}. Each variable is annotated
with its CPT. For the variable X1, the user prefers x1 to x̄2
unconditionally. For X3, the preference depends on the values
of X2, i.e., Pa(X3) = {X2}. For instance, in the context of x̄2, x̄3
is preferred over x3. This CP-net is a complete CP-net since
the user supplied a total order for every parent assignment
of any Xi ∈ V . However, if we removed any statement from
CPT(Xi) it becomes an incomplete one. In the binary case
(i.e., |dom(Xi)| = 2) having a partial order on dom(Xi) is
equivalent to complete removal of �i.

A CP-net N defined over V induces a partial order �
(sometimes we refer to it as �N ) on the set of possible
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solutions S. We also can describe the relation in � in terms
of flips. A flip with respect to a solution s results in another
new solution s′ that is different from s in exactly one variable
value Xi. In complete CP-nets, a flip from s to s′ can be either
an improving flip (the new value s′[Xi] is preferred to the old
value s[Xi]) or worsening flip (the new value s′[Xi] is worse
compared to the old one s[Xi]). However, for incomplete CP-
nets, a flip can be neither improving or worsening as there
could be no relation to judge the preference of s[Xi] compared
to s′[Xi].
Formally, Let u ∈ dom(Pa(Xi)) be the parent assignments

for a variable Xi ∈ V . Let �iu= x i1 � · · · � x im be the
preference order of Xi where u is the context. Then, going
from x ij to x

i
k is an improving flip with respect to Xi whenever

k < j ≤ m. Indeed, if �iu is a partial order, there could be no
relation between x ij and x

i
k .

Example 4: In Figure 2, (x̄1x̄2x3, x̄1x2x3) with respect to
the variable X2 because x2 � x̄2 according to CPT(X2). Fur-
thermore, (x1x2x̄3, x1x2x3) is an improving flip with respect
to X3 as given X2 = x2, the user prefers x3 to x̄3.

FIGURE 2. A CP-net.

Given a CP-net N and two solutions s, s′ ∈ S, a main
challenge is to determine whether s dominates s′ in the
induced relation � (written as s � s′). To answer this in
positive, we simply look for a sequence of improving flips
(λ1, λ2, . . . , λr ) where s′ = λ1 and s = λr and each (λj, λj+1)
is an improving flip for all j ∈ {1, . . . , r − 1}. Therefore,
s dominates s′ if there exists a sequence of improving flips
from s′ to s otherwise s does not dominate s′, i.e., s 6� s′.
Note that s 6� s′ gives no clue how s′ stands with respect
to s as both can be incomparable (there exists no sequence
of improving flips from one to another). Incomparability
simply means the presented information inN does not suffice
to determine which one is better. In contrast to incomplete
CP-nets, pairs of solutions (s, s′) where s differs from s′ in
exactly one variable value are always comparable in complete
CP-nets. The induced relation � can be captured by what is
known as the induced graph of N .
Definition 7 (Induced Graph [15]): The induced graph

for a CP-net N is defined as a directed graph G where the
set of vertices is S and an edge from s to s′ exists iff (s′, s)
form an improving flip.

Example 5: Figure 3 shows the induced graph for the
CP-net in Example 3. Each node in the graph represent a
solution s where edges represent improving flips.

FIGURE 3. The full relation induced by the CP-net in Example 2.

The induced graphG is sufficient to answer any dominance
query in the following sense: s � s′ if there is a path from s′ to
s in the transitive closure of G. Notice that N is exponentially
smaller thanG. This succinct representation of CP-net makes
it appealing for domains with large number of attributes.
The dominance task can be answered directly from N with-
out constructing the induced graph and there exists efficient
algorithms to tackle dominance tasks for restricted classes
of CP-nets. The exact complexity of answering dominance
queries depends on the CP-net structure and representation
of its CPTs.

Another related task is to consistently order a subset of
solutions S ′ ⊆ S with respect to N . That is, obtain a total
order �∗ on S ′ that is consistent with the information pre-
sented in N . Assume X1 > X2 > · · · > Xn to be a topological
order over V that is consistent with N and assume we are
interested in ordering two solutions s and s′ that have same
values for all variables X1, . . . ,Xr but they differ on the value
of Xr+1. Assume also that, given the values of X1, . . . ,Xr in
s and s′, CPT(Xr+1) shows s[Xr+1] � s′[Xr+1] then s should
be ordered before s′ in �∗. Ordering task is a weak version
of dominance. If s � s′ then s′ 6� s and subsequently s is
ordered before s′. However, if we know that s can be ordered
before s′, this does not necessarily mean s � s′.

V. PROPOSED METHOD
We assume services are defined over a set of attributes
V = {X1, . . . ,Xn} and a service is simply an element of
S = dom(X1)× dom(X2)× · · · dom(Xn). In many real-world
applications, however, it is expected that the customer has no
complete knowledge in all attributes that define a particular
service. Hence, it is often the case that preferences are defined
on a subset of the attributes V ′ ⊆ V that the customer is aware
of or cares about. All other attributes V\V ′ can be viewed as
irrelevant to the service selection strategy of that particular
customer. This can be, for example, when some attributes
preference relations require expertise that the current
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FIGURE 4. The customer first articulates the preferences on different attributes of interest. The
available services are then ranked from most preferred to least preferred according to the customer’s
CP-net. The ranked list is submitted back to choose the most suitable service meeting the customer
needs.

customer does not have. As a result, the customer selects a
subset of attributesV ′ that are of interest and is asked to rank a
set of available servicesS ′ based on the provided preferences.
For simplicity, we assume S ′ = dom(V ′).2
In this section, we propose a CP-net based approach to

capture criteria interdependencies in cloud service selection.
We show how to i) choose the best service and ii) how to
rank a set of available services based on the provided CP-net
from most to least preferred service. Figure 4 outlines the
approach. Initially, the customer is supplied with all variables
V . In principle, we assumeV is a common knowledge i.e., can
be viewed from the website of the cloud provider. Then, for
each criteria Xi of the customer interest, the cloud customer is
asked to identify a set of parent criteria Pa(Xi) that influence
the preference of Xi. For instance, assume the customer has
the following statement ‘‘if the service has high availabil-
ity rate then a provider with high reputation is preferred
to medium one’’. Then, the availability (A) is a parent of
reputation (R). and the statement h : h � m holds in CPT(R).
After articulating the preferences, a ranking over the available
services is carried and the ranked list of services is submitted
to the customer.

A. FINDING BEST SERVICE
For a complete CP-net N , finding the unique best service s∗

is easy, all we need is to traverse N in a topological order
while assigning for every Xi, the best value in �i given
its parents values. This is known as the sweep-forwarding
algorithm in [15] which is also outlined in Algorithm 1.
However, it is unlikely that the customer would be able to
express a total preference relation for every Xi ∈ V ′ for all y ∈
dom(Pa(Xi)). It is natural to miss or abstain from articulating
preferences for some contexts y due to a gap in the knowledge.
For incomplete CP-nets, it is no more guaranteed to have a
unique best solution and there could be exponentially many
non-dominated solutions.

2This is not a restriction as we can always construct the set S ′ =
{ s[V ′] | s ∈ S and s is provided to the customer}

Algorithm 1 Sweep-Forward Procedure as Discussed
in [15]
Input : A complete acyclic CP-net N
Output: the best solution s∗ in N

1 Let π be a topological order consistent with N
2 s∗ = ∅
3 for i = 1 to n do
4 Let x i1 � x

i
2 � · · · �

i
m be the statement of

CPT(Xi) given Pa(Xi)
5 s∗ = s∗ ∪ x i1
6 end

FIGURE 5. The full relation induced by the incomplete CP-net in
Example 6.

Example 6: Consider the CP-net in Figure 2 where the
statement x2 : x3 � x̄3 is removed fromCPT(X3). The induced
graph of this incomplete CP-net is shown in Figure 5. There
are two non-dominated services or solutions, namely x1x2x̄3
and x1x2x3. For all the others, they are dominated by one or
more solutions.

However, it is possible to extend the sweep-forwarding
algorithm to the case of incomplete ones as discussed in [15].
Simply, for every variable Xi where the statement �iy is
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completely or partially missing: If �iy is completely missing
(i.e., there is no preference relation on dom(Xi) for the con-
text y) choose an arbitrary element of dom(Xi). Otherwise,
choose any element of dom(Xi) that is not dominated in �iy.
This way, the final constructed solution is a non-dominated
solution.

B. RANKING AVAILABLE SERVICES
A more interesting problem deals with ranking the available
services S ′ from most preferred to least preferred according
to the customer’s CP-net.
Definition 8: A ranking �∗ over a set S ′ is a consistent

ranking w.r.t a CP-net N if the following holds: ∀s, s′ ∈ S ′ if
s � s′ then s �∗ s′

For complete CP-nets, Boutilier et al. [15] discussed how
to construct a ranking�∗ overS ′. For the incomplete CP-nets,
it is not obvious how to extract �∗ from the CP-net. It turned
out we can extend any incomplete CP-net to a complete one
while preserving the dominance relations.
Definition 9: A complete CP-net N is an extension of an

incomplete N ′ if N and N ′ share the exact same graph and,
for every CPT(Xi) in N ′ showing a possible partial statement
�
i
u, there exists a total order statement �

i
u in the CPT(Xi) of

N that agrees with it.
Essentially, an extension for the incomplete CP-net N ′ is

simply ‘‘filling the gaps’’ in its CPTs. For example, the com-
plete CP-net in Figure 2 is an extension of the incomplete
CP-net in Example 6.
Proposition 1: For any complete CP-net N that extends an

incomplete one N ′, if s �N ′ s′ then s �N s′.
Proof: The proof is by contradiction. Assume s �N ′ s′

and s 6�N s′ hold for any two solutions s and s′. As s �N ′ s′

then there is a sequence of improving flips s′ = λ1, . . . , λk =
s in N ′ but not in N . This means there exists at least one vari-
able Xi where two of its values have been flipped (say from
xi to x ′i ) because of the statement �iu in CPT(Xi). However,
there was no improving flip from xi to x ′i in N . This means
xi �iu x ′i in N

′ but xi 6� x ′i in N which contradicts with N
being an extension of N ′. �
The above result states that it is always possible to rank

a set of services according to any extension of the incom-
plete CP-net N . The ranking �∗ would indeed be a consis-
tent ranking with the information expressed in the network.
Obviously, there always exists at least one extension for any
incomplete CP-net.

VI. EXPERIMENT STUDY
To test our proposedmethod, we randomly generate a number
of customer’s CP-nets with varying size, n = 10 ∼ 200, and
multiple in-degree bounds, c = 0, 1, 2. This bound on the
indegree (i.e., the number of parents for a given attribute) is
not a limitation as the class of all directed acyclic graphs with
indegree at most 2 is still expressive to represent complex
interactions within criteria. When the indegree is zero or
one, we end up with a special class of CP-nets known as
separable (c = 0) or trees (c = 1). Separable CP-nets

express situations when there is no interdependencies and
every attribute is independent from all other attributes, while
tree CP-nets assert that there exists at most one parent for any
given attribute in the network. Such two classes were shown
to be of practical interest and it is conjectured that humans
tend to base their preferences based on a small number of
parents. For simplicity, the attributes are assumed to be binary
(i.e., has two possible values).
For the offered cloud services3, we consider that there are

2n candidate services, e.g., for CP-net of size n = 10 there
is 20 candidate services to choose from or rank. Then we
apply the two algorithms presented above. Each experiment
(i.e., combination of n, c, and an algorithm) is repeated
20 times and results are averaged accordingly. The exper-
iments were conducted using basic built-in Matlab func-
tions, running in a 2015 MacBook Pro with 2.5 GHz Intel
Core i7 and 16 GB DDR3 RAM.
Figures 6 and 7 plot the average time to find the best

service and to rank all services, respectively, in CP-nets with
varying size and using the different in-degree bounds. The
figures show that our approach is promising in terms of scal-
ability. It can handle large set of attributes and return solutions
within a fraction of the second. Also the figures show a
time difference between different in-degree bounds as more
complex structures (i.e., more conditional statements given
by the user) would require longer time to reach a solution
even when compared to a smaller CP-net (e.g., the case of
n = 170 with c = 0 took less average time n = 140
with c = 2).
While our approach is purely qualitative one, in many

real-world applications, a numerical value expressing criteria
importance is needed. This is the case, for example, when
adopting a fuzzy decision support system that assumes impor-
tance weights on criteria are given. Recent Advancements in
CP-nets allow us to quantify the importance of every attribute
in the domain given complex criteria interactions [4], [24].
The CP-net structure, inherently, encapsulates variable

importance within the network, which can be used to assess
the contribution of these variables in assessing a given solu-
tion. The basic idea of computing the weight of importance is
by considering the node location in the network. Initially, all
nodes have equal weights of one, then starting from leaf nodes
(the bottom of the graph) and traversing the nodes in a reverse
topological order, the weight of each parent is increased by an
amount equal to the sum of the weights of its children [24].
For example, in Emma’s CP-net, the weight of the bottom
leaf node, w(Rec) is 1, then its parent has a weight w(C) = 2,
and lastly both w(Rep) = w(A) = 3. Emma did not need
to estimate or express the weight of importance but rather
conditional preference statements.
Figure 8 plots the computation time of the weights for

the generated CP-nets and for the three in-degree bounds.

3We use cloud service instead of cloud service provider as a single
provider may offer multiple services with different configurations and
attributes.
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FIGURE 6. Average time to find the best service in CP-nets with varying size.

FIGURE 7. Average time to rank all candidate services in CP-nets with varying size.

FIGURE 8. Time needed to compute attributes importance weight for different size of CP-nets.

The results indicate linear computation time increase as the
size of the CP-nets (i.e., number of attributes) increases.
Also as expected, the larger in-degree bound, c, the more
complex the network and hence more computational time
is incurred. Overall, CP-nets exhibits scalable and efficient
performance in modeling user attributes and selecting and
ranking solutions.

VII. CONCLUSION AND FUTURE WORK
We have showed that CP-net, a prominent preference model
in the AI community, is an adequate model for customer
preferences in cloud service selection and ranking.We further
demonstrated even in the case of incomplete CP-nets, it is
still possible to reason about best available service and rank
an arbitrary set of services. Our experimental results prove
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that CP-nets, and preferential dependencies in general, are
indeed valuable tools to capture preferences in domains with
large number of attributes. Indeed, our experimental results
demonstrated it is possible to compute attributes’ importance
weights in efficient way from a purely comparative state-
ments and complex interactions as represented by the CP-net
graph.

In the near future, we plan to extend this work into learning
relevant and irrelevant attributes in an interactive manner,
using preference languages that are more expressive than
CP-nets, and test the usage of CP-net from real world data.
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