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Cloud computing enables elasticity - rapid provisioning and deprovisioning of computational re-
sources. Elasticity allows cloud users to quickly adapt resource allocation to meet changes in their
workloads. For cloud providers, elasticity complicates capacity management as the amount of re-
sources that can be requested by users is unknown and can vary significantly over time. Overbooking
techniques allow providers to increase utilization of their data centers. For safe overbooking, cloud
providers need admission control mechanisms to handle the tradeoff between increased utilization
(and revenue), and risk of exhausting resources, potentially resulting in penalty fees and/or lost cus-
tomers. We propose a flexible approach (implemented with fuzzy logic programming) to admission
control and the associated risk estimation. Our measures exploit different fuzzy logic operators in
order to model optimistic, realistic, and pessimistic behaviour under uncertainty. An experimen-
tal evaluation confirm that our fuzzy admission control approach can significantly increase resource
utilization while minimizing the risk of exceeding the total available capacity.
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Cloud computing is a recently emerged paradigm where computational resources are leased over the
Internet in a self-service manner under a pay-per use pricing scheme. Organizations and individuals,
the cloud users, can thus continuously adjust their cloud resource allocations to their current needs, so
called elasticity [6]. Consequently, it is common for cloud providers to require users to specify upper
and lower limits to the number of VMs to be used in a service request [5]. For data centers, elasticity
results in a long-term capacity allocation problem. Running too few VMs in total results in poor data
center hardware utilization and lowered incomes from users, whereas having too many VMs may lead
to low performance and/or crashes, poor user experience, and may also have financial consequences if
Service Level Agreements (SLAs) regarding user performance expectations are violated. In our previous
work [7], we demonstrate how resource overbooking can be used to increase provider utilization and
revenue, with acceptable risks of running out of hardware capacity. Further examples of previous work
in this area includes an algorithmic framework [2] that uses cloud effective demand to estimate the total
physical capacity required for performing the overbooking, including probability of launching additional
VMs in the future.

Admission control is associated with several uncertainties, including limited knowledge of future
workloads, potential side effects from co-locating particular VMs, and exact impact on applications of
potential resource shortage. Based on these properties of the admission control problem, we propose
a fuzzy approach to admission control. Since its initial development by L. A. Zadeh in the sixties [9],
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Figure 1: Conceptual picture of the system.

fuzzy logic has become a powerful theoretic tool for reaching elegant solutions to problems in various
fields of software, industry, etc. In this sense, the MALP language represents a fuzzy extension of the
popular Prolog language in the field of pure (crisp) logic programming [3]. In this fuzzy declarative
framework, each program is accompanied with a lattice for modeling truth-degrees beyond the simpler
case of the (crisp) Boolean pair {true, f alse}. Our proposal has been implemented with MALP using
the tool FLOPER [4]. A conceptual overview of how our cloud overbooking framework use fuzzy logic
during admission control is shown in Figure 1. The risks are calculated for the three capacity dimensions
that we consider for each VM: CPU, memory and I/O, based on predicted information about future
available capacity (referred to as Free in the rest of the paper), future amount of unrequested capacity
(denoted Unreq) and the capacity requested by the incoming service (denoted Req). Unreq is the inverse
difference between what users requested and what they really used (Free).

Our application uses a refined version of the usual lattice for fuzzy logic programming, ([0,1],≤), as
we try to identify the notion of truth-degree with the one for “overbooking risk along a time period”. This
means that instead of single values, our program manipulates lists of real numbers as truth-degrees1 af-
ter analyzing the behaviour’s curves representing “ free, unrequested, and requested (CPU/memory/net)
resources” also expressed as input lists to the tool. We have also implemented extended versions man-
aging lists of the connectives defined by the logics of Gödel, Łukasiewicz and Product, that are useful
for fine-tuning the more pessimistic or optimistic shape of the answers produced by our application un-
der this uncertain scenario. Our MALP program receives as input parameters three lists representing
the curves associated to free, unrequested and requested values, as well as a fourth argument indicating
which resource, or Field, (CPU, network or memory) is considered.

This definition of predicate “risk” produces a truth degree that is a list of numbers obtained after
contrasting the input curves “Free”, “Unreq” and “Req”. This evaluation is recursively performed by
calling predicate “combine” with three concrete values each time in order to compare the requested
resources with the free and unrequested values. The output of the program has the following shape:

[avg(n1), min(n2), max(n3),over([peak(h1, l1,a1),...]), opt(n4), real(n5), pes(n6)]

Here, labels “avg”, “min”, and “max” contain the average (n1), minimum (n2), and maximum (n3)
values, respectively, of the input list; “over” gives the list of peaks (each one is represented by its
maximum height (h j), length (l j), and area (a j)) and finally, “opt”, “real”, and “pes” labels provide
an optimistic (n4), realistic (n5), and pessimistic (n6) estimation -based on the previous elements- about

1Sometimes accompanied with annotations like max, avg, peak and so on, for readability reasons.
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Table 1: Performance Summary (Figure 2).
Average utilization Node capacity overpassed (%) Aggregated node capacity overpassed (%)

No Risk 38.9 % (1) 0 0
Pessimistic 69.1 % (1.78) 0 0
Realistic 84.6 % (2.17) 6.99 0.43

Optimistic 92.5 % (2.38) 11.88 0.84

the risk of accepting the requested task. These estimations are produced by combining the average
measure with the disjunctions of all the peaks by using different versions of the disjunction operators.

To evaluate our proposal, the fuzzy risk assessment is included into the framework presented in [7],
which only included a simple admission control technique. The cloud infrastructure simulated for testing
the different risk evaluators consists of 16 nodes where each one of them has 32 cores. We consider
four different types of VMs (S, M, L and XL), where each one doubles the capacity of the previous
one, starting from the S VM (1 CPU and 1.7GB of memory). Those VMs simulate the execution of
a dynamic workload made of different kind of applications (some of them with steady behavior and
others with bursty one), profiled by using monitoring tools after running the real applications. The
workload is a mixture of applications, following a Poisson distribution for submission rates. See [7]
for more details about the testbed and workload generation. The accepted requests (by the admission
control) are scheduled and run on the 16 nodes. During this execution, we measure the utilization and
resource shortage. The different risk values provided by the fuzzy logic engine are compared against
each other and also against a base case where no overbooking is performed – no risks being taken. Those
risk assessments from least risky to most are labeled as “Pessimistic”, “Realistic”, and “Optimistic” –
mapping them to the respective values calculated by the fuzzy logic engine with those names. The base
case is labeled “No Risk”.

Figure 2 (a) shows the resource utilization achieved by using the different risk values at the admission
control. Clearly, the more risks we take, the higher utilization is achieved. However, this may have a
negative impact regarding running out of resources if total capacity is overpassed, not only regarding
the whole data center utilization but also regarding every single node into the system. Owing to that
fact, Figure 2 (b) shows a histograms over how many times one of the nodes has overpassed its total
capacity, and how large the impact on the performance is – performance degradation that may end up in
resource SLA violations. The smaller the bars are, the better (less frequent risk situations). Notably, as
shown in Figure 2 (a), the total infrastructure capacity is not overpassed. This means that VM migration
can be used to decrease the risks by moving VMs from the overloaded nodes to the ones that still have
enough available capacity. This way certain overload situations can be avoided, as has been proposed by
Beloglazov et al. [1].

Finally, Table 1 highlights the improvement obtained thanks to performing resource overbooking and
the cost that this entails. Pessimistic has the lowest improvement but without any performance degrada-
tion, while the other two techniques present higher utilization rates but at expense of higher performance
degradation The evaluation shows significant increases in resource utilization obtained by our risk-aware
fuzzy admission control methods. Even for the most optimistic estimates, available resources are ex-
hausted as little as 0.84% of the time, while increasing utilization by 138%. Thus, our fuzzy methods are
a promising approach to help the admission control to evaluate the risks associated with accepting a new
service.

This work has sketched the material originally presented in [8]. Further direction include to extend
our work by taking the risk assessment into account together with the SLA information. One such
extension could be to specify different costs depending on the risk to be taken or using the different risk
values depending on the penalty that is to be paid in case of SLA violation, i.e., the greater the penalty
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(a) Data center utilization. (b) Capacity overpassing (node level).

Figure 2: Resource utilization and risk assessment comparison.

the more pessimistic the admission control should be.

References
[1] Anton Beloglazov & Rajkumar Buyya (2013): Managing Overloaded Hosts for Dynamic Consolidation of

Virtual Machines in Cloud Data Centers Under Quality of Service Constraints. IEEE Transactions on Parallel
and Distributed Systems 24(7), pp. 1366–1379.

[2] D. Breitgand, Z. Dubitzky, A. Epstein, A. Glikson & I. Shapira (2012): SLA-aware resource over-commit in
an IaaS cloud. In: Proc. of the 8th Intl. Conference on Network and Service Management (CNSM), pp. 73–81.

[3] J.W. Lloyd (1987): Foundations of Logic Programming. Springer-Verlag, Berlin. 2nd edition.

[4] P.J. Morcillo, G. Moreno, J. Penabad & C. Vázquez (2010): A Practical Management of Fuzzy Truth
Degrees using FLOPER. In: Proc. of 4th Intl. Symposium on Rule Interchange and Applications,
RuleML’10. Springer Verlag, LNCS 6403, pp. 119–126. Available at http://dx.doi.org/10.1007/
978-3-642-16289-3_4.

[5] B. Rochwerger, D. Breitgand & et al. (2009): The Reservoir model and architecture for open federated cloud
computing. IBM J. Res. Dev. 53(4), pp. 535–545.

[6] The NIST Definition of Cloud Computing (Visited 2013-05-30): Web page at http://csrc.nist.gov/
publications/nistpubs/800-145/SP800-145.pdf.

[7] Luis Tomás & Johan Tordsson (2013): Improving Cloud Infrastructure Utilization through Overbooking. In:
Proc. of the ACM Cloud and Autonomic Computing Conference (CAC), p. 5. Available at http://doi.
acm.org/10.1145/2494621.2494627.

[8] C. Vázquez, L. Tomás, G. Moreno & J. Tordsson (2013): A fuzzy approach to cloud admission con-
trol for safe overbooking. In: Proc. of 10th International Workshop on Fuzzy Logic and Applications,
WILF 2013., Springer Verlag, LNAI 8256, pp. 212–225. Available at http://dx.doi.org/10.1007/
978-3-319-03200-9_22.

[9] L. A. Zadeh (1965): Fuzzy Sets. Information and Control 8(3), pp. 338–353.

http://dx.doi.org/10.1007/978-3-642-16289-3_4
http://dx.doi.org/10.1007/978-3-642-16289-3_4
http://csrc.nist.gov/publications/nistpubs/800-145/SP800-145.pdf
http://csrc.nist.gov/publications/nistpubs/800-145/SP800-145.pdf
http://doi.acm.org/10.1145/2494621.2494627
http://doi.acm.org/10.1145/2494621.2494627
http://dx.doi.org/10.1007/978-3-319-03200-9_22
http://dx.doi.org/10.1007/978-3-319-03200-9_22

