Cloud provisioning in the QED regime
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ABSTRACT

We design a dynamic algorithm for dimensioning and stabi-
lizing a cloud provisioning process. We model the process
as a semi-open tandem network consisting of a multi-server
queue with host servers that respond to new requests of
cloud users and an infinite-server queue that contains the
active cloud users. The algorithm matches load predictions
by jointly setting the number of host servers and the total
available capacity. This dual setting is time-dependent and
based on the modified offered load (MOL) method. The
algorithm is made to perform in the Quality-and-Efficiency-
Driven (QED) regime to achieve economies of scale, and is
equipped with the feature of repeated requests, which lets
initially blocked users retry to get access to the cloud system
after a certain delay. Extensive numerical simulations show
that the algorithm stabilizes performance at high QoS-levels,
even in face of strongly time-varying loads and repeated re-
quests.

CCS Concepts

eNetworks — Cloud computing; eMathematics of com-
puting — Queueing theory;

Keywords
stochastic models, queues and queueing networks, cloud com-
puting systems, heavy traffic, asymptotic analysis

1. INTRODUCTION

Cloud computing enables network access to a shared pool
of configurable computing resources, allowing users (e.g. com-
panies, service providers) to store and process their data in
third-party data centers, without investing in the operating
equipment themselves. At the foundation of cloud comput-
ing lies the idea of sharing resources to achieve economies of
scale in terms of maximizing computing power usage and
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Figure 1: Cloud provisioning process

reducing the overall cost of resources such as energy and
infrastructure. Cloud providers, such as Amazon EC2, Win-
dows Azure and Rackspace [2], offer virtual machine (VM)
provisioning, which allows users to request VM instances
configured to their preference. In a service system context,
the provider thus serves users by supplying them with a
VM that matches their requirements, running on one of the
cloud’s physical machines.

In a well-managed cloud, the available computing resources
are seemingly unlimited and the user is able to almost in-
stantaneously increase or decrease its computational capac-
ity. This ability to dynamically adapt capacity to cover for
unanticipated fluctuations in workload, commonly referred
to as elasticity, sets apart cloud computing from conven-
tional computing paradigms such as grid computing [2, 15].
From the cloud provider’s viewpoint, however, the capac-
ity is naturally finite: only a certain number of VM in-
stances can be hosted simultaneously. It is essential for
the provider’s credibility to design its cloud such that the
users experiences high quality-of-service (QoS) levels [5, 16].
On the other hand, over-provisioning causes expensive run-
ning costs of idle servers, and is therefore undesirable. We
will provide a tractable model that captures the dominant
dynamics of the VM provisioning process. Based on asymp-
totic analysis of this model, we gain insights that lead the
way towards efficient capacity allocation in cloud systems
that balances both objectives, even in the realistic but chal-
lenging scenario of time-varying demands. Let us describe
the cloud provisioning process in more detail; see Figure 1.
At the highest granularity level there are the end-users, de-
vices typically directly operated by humans, using an appli-
cation provider (AP), say a company that provides software
usage over the internet (e.g. SaaS [15]). To some extent,
the AP will rely on a static set of computing resources, but
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certainly in case of sudden surges in workload, these might
not be sufficient. When the AP recognizes the need for ad-
ditional capacity, e.g. by auto-scaling procedures [1], a VM
request is submitted to the cloud provider. The request is
handled by a host server that starts the set-up of the VM
with requested specifications. This includes elementary op-
erations such as copying the VM image and assigning an IP
address. Each server is able to host multiple VM instances
in parallel, although the VMs in set-up need their dedicated
attention, due to concurrency level constraints incurred by
large I/O activities. Once the set-up is completed, the VM
is ready for use, and the AP may start using the additional
computing resources.

Our focus lies on the capacity allocation within the cloud
environment, so the right side of Figure 1. Successful man-
agement of cloud systems requires the right scaling of both
the number of host servers (denoted by s) at the first 1/O
queue and the maximum number of VMs (denoted by n)
that can be hosted simultaneously. Moreover, this needs to
be done in a dynamic way in order to respond effectively
to the time-varying demand. The capacity n defines a hard
constraint on whether a new VM request will be accepted
immediately or not. Therefore, new requests will be delayed
or even dropped if the available host capacity is insufficient,
which is more likely to occur during periods in which the s
host servers are overloaded.

To describe the cloud system in mathematical terms, we
use the model developed in [17]. Each host server may host
a number of VM instances at the same time, yielding a to-
tal number of n parallel VM instances. Requests, arriving
to the system according to a Poisson process with rate A,
are granted only if one of these n positions is available. If
granted, the request is assigned to a host server not busy
initializing another VM instance, if available, or waits for
one to become available. This start-up time is assumed to
be exponentially distributed with mean 1/u. On comple-
tion of the initialization phase, VM usage is initiated by
the client. The VM continues to be occupied for a random
amount of time, with mean 1/6, until release by the user.
We note that the model in [17] has three queues in tandem,
one M/M/s queue, followed by two M /M /oo queues that
separately model a second initialization phase and the ac-
tual VM usage by the cloud user. We thus replace the two
M/M /oo queues by one M/G /oo queue with an aggregated
service time, which does not alter the overall system perfor-
mance. Under the above Markovian assumptions, we obtain
the semi-open Jackson network in Figure 2. The model
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Figure 2: Abstracted model of VM provisioning process.

is able to capture accurately how the two factors s and n
limit the scalability, even when the results of the model are
applied to (non-Markovian) real data traces; see [17] for ex-
tensive data experiments. Due to the insensitivity of the
M/G /oo queue with respect to the service time distribu-
tion, the cloud model can capture all distributions for actual
cloud usage times that fit empirical measurements. Hence,

for the results presented in this paper in terms of 1/6, one
can interpret 1/6 as the mean of some generally distributed
(realistic) usage time.

Our contribution consists in developing an effective algo-
rithm to determine the two critical resource levels s,n to
stabilize performance at the first multi-server queue. We do
so by setting a QoS-target, with the delay probability at the
multi-server queue as the leading example, and then design
a dynamic algorithm for setting s and n that lead to stable
system behavior, around some target, at all times. The al-
gorithm contains three essential elements: (i) It is made to
perform in the Quality-and-Efficiency-Driven (QED) regime
to achieve economies of scale; (ii) It uses the modified offered
load (MOL) method to account for time-varying loads; (iii)
It is equipped with the feature of repeated requests, which
essentially lets initially blocked users retry to get access to
the cloud system after a certain delay. Next, we will discuss
each of these three elements in more detail.

1.1 QED regime

Our goal is to design an algorithm that ensures high re-
source utilization, while at the same time maintains high
QoS, which is perfectly aligned with the philosophy behind
the QED regime known in many-server asymptotic theory.
Let R = \/u be the workload offered to the system and
let p = R/s denote the average utilization level of the host
servers. In the QED regime [4, 8], the utilization level is
driven to unity in accordance to (1 — p)y/s — 8 as s — oo,
for some fixed parameter § > 0. This gives rise to the
square-root scaling rule s = R + 8v/R, which prescribes in
the cloud setting (ignoring the role of n for now) that the
number of host servers s should exceed the minimally re-
quired offered load R, but only by a relatively small number
BvV/R. As s grows large, the probability of delay tends to a
non-degenerate function that only depends on the parameter
. This function is strictly decreasing in 5 > 0 with range
(0,1). Consequently, any targeted delay probability can be
achieved by the adjustment of 8. Moreover, the mean delay
is of order 1/4/s and hence asymptotically negligible. Since
cloud environments typically consist of thousands of servers,
this asymptotic framework is particularly relevant.

The semi-open tandem network in Figure 2 can be de-
scribed as a closed Jackson network. The stationary distri-
bution therefore obeys a product-form, which was exploited
in [17, 11] to obtain the QED limit behavior. Interestingly,
the QED scaling rules can be expressed in a two-fold QED
scaling policy: s = Rs+pf VR, for the number of host servers
and n = R, + n\/m for the number of VM positions, for
some constants 8,n > 0, and with Rs; and R,, the offered
load to s and the offered load to n, respectively. This is
similar to the two-fold QED scaling rules that were applied
to other models in [9, 21]. Under the two-fold scaling policy,
limiting QED expressions are derived for stationary perfor-
mance, such as the delay probability and the mean delay, in
the form of explicit functions evaluated in both 8 and 7.

1.2 Dynamic algorithm

As the cloud provider’s equipment consists of a fixed num-
ber of servers, the maximum load the cloud can handle is
upper bounded. However, constantly keeping all of these
servers up and running, e.g. matching the daily peak work-
load, leads to severe over-provisioning during more quiet pe-
riods. Tremendous power savings can be achieved by turning



some of the physical machines to sleep mode during these
quiet periods. Therefore, there is a growing need to develop
algorithms that exploit the potential improvement in the
energy efficiency and utilization of resources of the massive
data centers behind cloud computing [13, 20]. This needs
to be done such that the available resources not only match
the time-varying demand, but also meet QoS-targets.

There are two commonly used approaches to address this
problem of time-dependent loads in the QED context. The
first relies on using steady-state approximations, such as the
Piecewise Stationary Approximation (PSA). This method
divides the time-horizon into small intervals, predicts the
expected work load for each interval and applies the QED
square-root rule. However, this approximation is accurate
only when usage times are short relative to the rate of change,
an assumption that is typically not satisfied in cloud environ-
ments [17]. We will therefore resort to the second common
approach: the modified offered load (MOL) method. We
will transform the two-fold QED rules into a time-varying
counterpart based on the MOL method that approximates
the offered load at both stages of the cloud system via a
corresponding system with ample resources. For capacity
planning to meet uncertain exogenous demand, the MOL
method thus looks at the amount of capacity that would
be used if there were no constraints on its availability (tak-
ing s and n both infinite). This simplification results in a
tandem network consisting of two infinite-server nodes for
which the offered load becomes tractable. Since the mean
delay is asymptotically negligible in the QED regime, the of-
fered load in the infinite-capacity system provides excellent
approximations, which can serve as input for our algorithm
that sets capacity levels to stabilize performance, even in
face of a possibly strongly time-varying arrival rate and the
tandem network structure. Apart from stabilizing perfor-
mance, we also show that our algorithm can maintain high
QoS-levels, despite the potentially enormous traffic volumes,
so that it fully exploits both the elasticity (MOL method)
and potential economies of scales (QED regime) of cloud
systems.

1.3 Repeated requests

The dominant assumption in the literature is to discard
the requests that meet a full system upon arrival. From
a practical viewpoint, though, it seems more plausible that
blocked cloud users prefer to repeat their request. To accom-
modate this, we introduce the feature of repeated requests to
the model in Figure 2: Users that meet a full system (n
users) upon arrival are no longer discarded, but instead are
allowed to reattempt getting access after a stochastic delay,
until they are successful. This distributed policy brings sev-
eral advantages. First, all users are (ultimately) served. Sec-
ond, the ‘virtual’ queue of initially blocked users requires no
additional overhead for the cloud provider. Third, there is
potential workload shifting. Requests are typically blocked
during periods of overload. By shifting the requests ahead
in time, the user likely meets a less congested system, so
that the overall workload in the cloud system is distributed
more evenly over time. This idea was recently developed by
[19] in the context of the M /M/s/n queue as a way to tem-
porarily release pressure from the system during overloaded
periods.

The form of reattempts considered in this paper lets blocked
users reattempt after exponential times, which is just one

example of a broad range of different mechanisms that can
be designed. One could for instance distinguish between
fully distributed and more advanced approaches, depending
on whether the initiative resides with the cloud system ac-
tively approaching blocked users, or with the blocked users
that independently try to enter the system. It is clear that
the exponential reattempts make the system distributed and
easily implementable. It also requires little communication
overhead, which is particularly relevant in large-scale data
centers that deploy thousands of servers and handle massive
demands with service requests coming in at huge rates.

The remainder of this paper is structured as follows. In
Section 2 we present the main ideas related to QED scalings,
repeated requests and the MOL method. In Section 3, we
apply these ideas to the cloud system, and construct a dy-
namic dimensioning algorithm. Section 4 presents extensive
numerical results to assess the performance of our algorithm
and we conclude in Section 5.

2. MAIN IDEAS

In this section we introduce and demonstrate the main
ideas in this paper by applying them to an M/M/s/n sys-
tem, presented in the recent work [19]. This model is a
simplified version of the cloud system in Figure 2 that arises
when 6§ — oco. Note that large #-values are not realistic in
cloud systems, for which the most likely scenario is 0 < p.
Therefore, this section serves the purpose of conveying the
general concepts, while in Section 3 we apply these concepts
to the cloud system, also in the regime 6 < p.

The M/M/s/n system with reattempts can be described
in terms of s servers to which users arrive according to a
Poisson process with rate A. A user that finds a free server
upon arrival occupies this server immediately, while users
that meet more than s but fewer than n users in the sys-
tem are admitted but wait for an available server. Users
that meet n occupied VMs upon arrival are not admitted
directly, but reattempt to get access after an exponential
time with mean 1/§. Each initially blocked user performs
reattempts until admitted. Service times are exponentially
distributed with mean 1/u, and interarrival times, service
times and reattempt times are mutually independent. The
system state can then be described as a two-dimensional
process {(C(t), N(¢));¢t > 0} with C(¢) the number of users
assigned to a VM and N (t) the number of users that perform
reattempts. Under the above assumptions this process is a
continuous-time Markov chain on {0,1,...,n} x {0,1,...}.

To provide intuition for the effect of reattempts, Figure
3 depicts typical sample paths of the process describing the
number of users present in the system X (¢) := C(t) + N(t),
for three different values of 4. To make a fair comparison,
we coupled the arrival processes of the three simulations.
As expected, the sample paths confirm that the impact of
reattempts increases with the mean delay time 1/6. The
process X (t) spends a considerable fraction of time below
level s, which is indicative of a small delay probability or,
more generally, high QoS. Note also that for § = 0.1 the pro-
cess X (t) is concentrated, and only mildly fluctuates, around
the optimal point of operation s. Small delay probabilities
and operating near full occupancy level are distinguishing
features of the QED regime, and we see that these features
are even more distinctive with reattempts.

We assume that R = A\/p < s, which is a necessary and
sufficient condition for ergodicity (see [7, Chapter 2]). Reat-
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Figure 3: Sample paths of X (¢) (blue) and N(t) (orange) for R = 50, 8 = 0.2,7 = 1. s and n are indicated by the red and

black lines, respectively.

tempts thus create a process of retrials, which is typically
quite challenging to analyze [7]. Even for deriving the sta-
tionary distribution of retrial systems one often resorts to
computational approaches [3]. These numerical approaches
face increasing numerical difficulties when the number of
servers grows large. The QED regime for this model con-
cerns the two-fold scaling

s=R+BVR, (>0, (1)

n=s+mn/s, n1>0 (2)
and we focus on QED approximations for the stationary
delay probability P.(delay) as s,n, R become large.

When the blocked users are simply discarded, the pro-
cess {(C(t),N(t));t > 0} reduces to a standard M/M/s/n
system. This is a birth-death process with an elementary
characterization of the stationary distribution {7;} with 7;
the stationary probability of i users in the system. The
blocking probability is the probability that an arriving user
is discarded from the system, and the delay probability cor-
responds to the probability that an admitted user finds all
s hosts occupied upon arrival. Due to the PASTA property,
the delay probability and blocking probability are then given
by P(delay) = 31" ' m;/(1—m,) and P(block) = 7. Under
the QED scaling (1)—(2), when n,s and R grow to infinity
simultaneously while 8 and n are fixed, we have [14]

_ e hn
P(delay) — T e—ﬁ}? ¥ 3%(8)/4(8) =:g9(8,m), (3)
VR P(block) ge > — fBm). (@)

L —e=fn1+ BO(B)/6(B)
When the time between reattempts is relatively long com-
pared with the service time, the process of reattempting
users becomes roughly Poisson. Due to (4), the mean addi-
tional load due to reattempts must be of order v R. We can
thus assume that the total arrival rate Riot takes the form
Riot = R+aV/R for some o > 0. Then (1) is asymptotically
equivalent with

s = Riot + (,B - Oé)\/m, (5)

while the scaling rule in (2) remains unchanged. There-
fore, the retrial system with QoS parameter f mimics an
M/M/s/n system with parameter 8o = S—a. Note that the
volume of blocked users in this setting is f(8 — &, 7)V Rtot.
This quantity must equal the mean additional load av/R ~
av/ Riot and therefore we obtain the fixed point equation

a=f(B—an). (6)

Numerically determining « is straightforward, particularly

because it is uniquely defined (see [19, Lemma 1]). As a
result, the delay probability P,(delay) in the model with
reattempts {(C(t), N(t));¢ > 0} can be approximated in the
QED regime (1)—(2) by

P (delay) = g(8 — a,n). (7
The asymptotic QED expressions for the system without
reattempts given in (3) and (4) together with the corrections
obtained through (6) thus provide a method for dimension-
ing an M/M/s/n system with reattempts. For sufficiently
large arrival volumes, we can tune the QoS-levels offered
by the system through the QoS-parameters 8 and n. To
demonstrate this, we choose the delay probability as a ve-
hicle, and search for a pair (3,7n) that realize a target delay
probability €. In a system without reattempts, attaining the
target performance boils down to finding a pair (8., 7.) such
that g(Be,m:) = €. It is easily verified that g is a decreas-
ing function in S and an increasing function in 7 ranging
from zero to one. Hence, for all targets € there exists a so-
lution to g(Be,n:) = €, although this solution might not be
unique. Nevertheless, by fixing the performance parameter
1 one can solve for the unique . to achieve the targeted ¢
and dimension the number of hosts s accordingly. This can
be extended to the more involved system with reattempts,
by determining 82 such that

9(B,m) =, (8)
before replacing 87 by B — a. with a. = f(8e — ae,n),
ultimately resulting in

Be = B2 + f(BZ,m). )

Once a feasible pair (8c,7) is obtained, (1) and (2) specify
the capacity levels s and n that (asymptotically) achieve
the target delay probability. Extensive simulations illustrate
that this dimensioning scheme works well [19], particularly
for small 4.

We next discuss how the parameters s and n can be ad-
justed in time-varying environments where the offered load
R(t) is a function of time. For this we use the MOL method,
which was developed in [10] to approximate and dimension
the M;/G/s system by establishing a relation with the ana-
lytically tractable M;/G /oo system. An underlying assump-
tion of the MOL method is that a well-capacitated multi-
server queue delays only a small portion of users and only for
short periods. Therefore, the system can be approximated
by an infinite-server system. The MOL approximation [10]
combines the desirable QoS properties rendered by the QED
regime with the analytic tractability of the M/G /oo queue,
see [6], to establish a dynamic algorithm for choosing s(t)



that stabilizes the system behavior at some QoS-target. This
is the approach we shall take as well, first for the M /M /s/n
system below, and then for the cloud system in Section 3.

To understand why the MOL approximation is likely to
be accurate for the systems in this paper, observe that under
the scaling rules (1)—(2), the blocking probability vanishes
asymptotically and hence the main assertion on which the
MOL approximation is built continues to hold. Following
the line of thought in [10], we consider the number of users
in a system with s = n = oo to obtain R(t) = E[R(t—S)]ES,
where S is the service requirement per user taken to be unit
exponentially distributed. Then,

R(t) = /000 e “R(t — u)du. (10)

Note that this transformation typically shifts and levels peaks
in workload ahead in time with respect to those in R(t). As
the time-varying counterparts of (1)—(2), we then get [19]

s(t) = R(t) + B/ R(1), (11)
n(t) = s(t) +nv/s(t). (12)

These rules apply to the situations with and without reat-
tempts, although in the former case the QoS parameters
and 1 need corrections. In order to set s(¢) and n(t) to
achieve a target performance level, one needs to determine
the required parameters 8 and 7 through selection of 7 and
computation of B. as in (9). This yields a time-varying di-
mensioning scheme, which proves to be robust against heavy
fluctuations in offered load. We will demonstrate the power
of such dynamic schemes in Section 4, but then for a more
advanced algorithm customized for the cloud system.

3. CLOUD SYSTEM

We now return to the cloud model in Figure 1 and ap-
ply the ideas introduced in Section 2 to this more advanced
setting. As an exact analysis for this model becomes com-
putationally infeasible quickly, as s and n grow large, we
again resort to the asymptotic QED regime. Following the
approach in [17, 11], we scale the systems parameters ac-
cording to

s=R+BVR, —oo0<f< o0, (13)

R IR

Note that (14) implicitly assumes that R/6, the mean num-
ber of users in the infinite-server queue, is the value around
which the total number of VMs in the system will settle.
This will certainly be the case when 8 < pu, which indeed
is the dominant scenario in cloud settings [17]. Under (13)—
(14),

& —&

P(delay) — e -G =:gc(8,n), (15)
14
VR - P(block) — TTETE T fe(B,m),  (16)

for R — oo, where k = /u/6 and

8
= /7 d(n+ (B —t)r)p(t)dt, & = %7 an

& = 5 o(VT T ) expln - 50000~ 5, (19)

-~ 1 K+ B Bk —n
v \/1+52@(\/1+H2)¢(\/1+K2) TG (19

Note that these expressions only involve the ratio of the
service rates of the two queues. Therefore, without loss of
generality, we henceforth set p = 1.

To let the feature of repeated requests comply with QED
system behavior and to combine both features into one algo-
rithm, we need to quantify the impact of reattempts in the
QED regime. Again assume that blocked users reattempt af-
ter i.i.d. exponential times with mean 1/6. A direct analytic
approach is obstructed by the absence of a product-form so-
lution in case of repeated requests. To see this, note that
the dynamics of the system in Figure 2 can be described as a
three-dimensional stochastic process { N (t), X (¢), Q(¢)} with
N(t) the number of requests waiting to reattempt, X (¢) the
number of admitted requests and Q(¢) the number of ad-
mitted requests at the multi-server queue. The process lives
on the state space {0,1,...} x {0,1,...,n} x {0,1,...,n} and
is stable when R < s. Under this assumption, a stationary
distribution exists. Determining the stationary distribution,
however, should be done numerically, since the model does
not belong to a class of networks with a closed-form solution.

Using the ideas from Section 2, we will argue that the
cloud system with repeated requests resembles the standard
system without reattempts, as in [11, 17], but with an in-
creased load. By (16) we argue that for sufficiently large
systems, the load that comes with reattempts is of the form
Q = aVR for some a > 0. Hence, the total load offered
to the system with reattempts is roughly Riot = R + a\/ﬁ,
implying R = Riot — @V Riot + O(V/ Riot). As before, we
rewrite (13)—(14) in terms of Ro to get

$ = Reot + (B — a)er O(V Rsot) (20)

and

1
n — s = (Riot _aVRtot)é +n

Riot (e} Riot
_ B +<n_ﬁ) < O(WRer). (21)

Accordingly, the constant « is defined as the solution of
the fixed point equation

a= fo(B—an—a/V). (22)

If we provision a large-scale cloud system according to the
QED scaling rules (13)—(14), the cloud system with reat-
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Figure 4: Asymptotic delay probability in the cloud model as
function of n with (solid) and without (dashed) reattempts
for several values of (3.



B =11 (B.1) = (1,05) (B.1) = (05, 1)
®) ) ®) ® ®) ®
R S n| a=0 a=0.133 S n| a=0 a=0.327 S n| a=0 a=0.303
10 13 70 0.225 0.257 13 67 0.198 0.244 12 69 0.349 0.409
50 57 323 0.195 0.223 57 315 0.168 0.211 54 320 0.366 0.434
100 110 632 0.187 0.216 110 621 0.161 0.203 105 627 0.393 0.475
1000 | 1032 6103 0.177 0.203 || 1032 6067 0.152 0.191 || 1016 6087 0.384 0.467
5000 | 5071 30229 0.178 0.204 || 5071 30150 0.152 0.192 || 5035 30193 0.389 0.469
gc(B—a,n— oz/\/é) 0.1778 0.2043 0.1521 0.1939 0.3852 0.4687

Table 1: Comparison of approximated delay probabilities in the cloud model with # = 0.2 and § = 10™2 against simulated
values for finite-size systems. The values obtained through the asymptotic scheme are given in the bottom row.

tempts performs as a cloud system without reattempts but
with the parameters (8,7) replaced by (8 — o, — /).

For instance,
P.(delay) =~ gc(B8 — a,n — a/\/@) (23)

for R large. The impact of reattempts on the delay proba-
bility is illustrated in Figure 4. Observe that the effect of
reattempts decreases with 5 and diminishes with 7.

The approximation (23) for an otherwise seemingly un-
tractable system provides a crucial ingredient for the dy-
namic algorithm that we construct next. In the system
without reattempts, one finds parameters S, and 7. sat-
isfying gc(B:,m:) = € and computes the associated capac-
ity levels by (13)—(14) accordingly. Dimensioning the cloud
system with reattempts is performed in a similar manner as
prescribed by (9). However, due to (14), the fixed point «
appears in both arguments of the function fc in (22). To
obtain a unique solution for ., we adjust the input variable
7" to complete the dimensioning framework. The details are
given in Algorithm 1. We are then in a position to design

Input: Target delay probability € € (0, 1),
n*i=n—a/V0 > 0.
Output: Variability hedge 8. and 7..

1. Compute 8* such that g(8Z,n") =e.

2. Set B = B2 + f(B,n") and n. = 0" + f(B:,n")/V0.

Algorithm 1: Stationary dimensioning for cloud model
with reattempts.

an algorithm based on the QED regime with reattempts to
achieve robust performance in time-varying environments.
As before, let R(t) represent the offered load at time ¢. Then
the number of requests at the host server queue is approxi-
mately given by

Ri(t) (24)

= / e “R(t — u)du.
0

Contrary to the M/M/s/n system, the number of users
present in the system strongly depends on the number of
requests in the second phase of the system, especially since
0 < p. Therefore, we need an approximation for the work-
load offered to the second queue as a function of ¢, which
we denote by R2(t). Continuing the reasoning of MOL, we
argue that Ra(t) is equal to the output process of the first
queue Ry (t). Then,

Ry (t) = E[R1(t — S2)]ES2

/ e " R(t — u—v)dudo. (25)
o Jo

Combining the above ingredients then leads to Algorithm 2,
in which [-] denotes the integer rounding operator. Observe

Input: Target delay probability € € (0, 1),
n*:=n—a/vV0 > 0.
Output: Time-dependent capacity levels s(t), n(t)
achieving P, (delay) = e.
1. Compute . and 7. according to Algorithm 1 with

input n*.
2. Compute R;(t) and R2(t) as in (24) and (25).
3. Return
s(t) = [Ra(t) + B/ Ra (1)), (26)
n(t) = [s(t) + Ra(t) + ne\/Ra(t)]. (27)

Algorithm 2: Dynamic dimensioning for cloud model with
reattempts.

that if the service times at the infinite-server queue are rel-
atively short compared with the rate of change of the load
function, we have Ra(t) ~ Ri(t)/0, so that (26)—(27) shows
resemblance with (13)—(14).

4. NUMERICAL RESULTS

In this section we present extensive numerical experiments
to demonstrate the excellent performance of the dynamic
algorithm developed in Section 3 for the cloud system.

4.1 Accurate approximations

We assess the accuracy of the QED approximations that
are obtained for R — oo for finite systems. Column (b) in
Table 1 compares fc(8,n) with the ‘true’ delay probabilities
that follow from extensive simulations. All reported simu-
lation results are accurate up to a 95% confidence interval
of width < 3-107. Column (r) gives the approximation of
P, (delay) with reattempts, which involves numerically de-
termining the solution of (22) and substituting the corrected
parameters into (15).

(B;m) = (1,1) (B,n) = (0.5,0.5)
6\6 | 0.01 1 100 || o0.01 1 100
10 [ 0.101 0.123 0.186 || 0.201 0.250 0.359
1]0.171 0.181 0.200 || 0.360 0.386 0.415
0.1 ] 0211 0.209 0.212 || 0.469 0.471 0.476
0.01 | 0.221 0.219 0.219 || 0.496 0.495 0.495

Table 2: Simulation results on impact of 4.
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Figure 5: Arrival rate function R(t) (dashed) and staffing functions s(¢) (solid) and n(¢) (o) for different values of 6. The left
vertical axis refers to R(t) and s(t), where the right axis refers to n(t).
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Figure 6: Simulated time-dependent delay probabilities in the cloud model with § = 1072, targets ¢ = 0.1, = 0.25 and

e = 0.4, and capacity levels determined by Algorithm 2.

We observe that, as R increases, the delay probabilities
in the scenarios without and with reattempts converge to
the limits g (8, 1) and go (8 — o, n — a/V/), respectively, as
expected. This supports the heuristic arguments that gave
rise to the fixed point equation (22). We further note that
the asymptotic QED approximations are accurate, even for
relatively small systems.

4.2 Insensitivity for s

We next investigate the impact of the mean reattempt
time 1/§. Table 2 displays simulation results for different
settings of both ¢ and 0, with R = 1000 and two different
pairs (3,7n). Observe that the results hardly depend on ¢ and
the differences are almost negligible for values of 6 that are
relevant for practical purposes. This is at first sight some-
what surprising, yet reassuring conclusion for both cloud
user and provider. It can be understood as follows. For
0 < pu, the vast majority of users in the system reside at
the second infinite-server queue. Therefore, the system can
roughly be regarded as an M/G/n/n system, which in the
QED regime means that users leave the system (VM posi-
tions become vacant) at rate O(n). A reattempt time of
length 1/n ~ 6/R therefore already creates the desired lev-
eling of workload.

4.3 Stabilizing performance

To illustrate Algorithm 2 we consider the time-varying
load

R(t) =a+ bsin (2nt/T), (28)
where we set a = 1000 as the mode, b = 500 as the amplitude

and 7' = 100 as the cycle length. This system experiences
large fluctuations in load volume over the course of one cycle.
Since p = 1, this implies that one cycle on average consists of
100 service times at the host server queue. Due to relatively
short service times with respect to the cycle length, the MOL
approximation for the number of VM requests at the first
queue is roughly equal to the original load, i.e. Ry (t) =~ R(t).
These short services at the host server compared to the cycle
length are typical for VM provisioning, in which case the
cycle is usually one day.

First, we examine the functions s(¢) and n(t) as prescribed
by (26)—(27) for # = 1,0.2,0.02 and € = 0.25. The resulting
values are depicted in Figure 5 together with the arrival rate
function. Note that n(t) lives on a different scale than s(t),
and has its own vertical axis at the right side of the plots.

For small and hence realistic values of 6, the function n(t)
displays a shifted phase compared to the real-time offered
load, due to the the relatively long usage time of cloud users.
The lag can be observed in (25). Hence, while the number of
servers s(t) allocated at time ¢ are almost in phase with the
arrival rate R(t), n(t) undergoes a shift of its peak capac-
ity somewhat ahead in time. Observe also that n(t) shows
milder fluctuations when 6 decreases. This can be attributed
to the added hedge which is of order y/R/6. Remark that
the number of host servers on top of the strictly necessary
amount, i.e. the hedge covering for the variability in the
process, is relatively small. This illustrates the economies of
scale that can be achieved in these large-scale systems. Next,
we simulate the time-dependent process, given the staffing
functions depicted in Figure 5, as well as the staffing func-
tions designed for the target delay probabilities € = 0.1 and



€ = 0.4 for the three values of §. We use n* = 2 as the in-
put variable for Algorithm 2. The results of the simulations
are depicted in Figure 6. In all cases, the time-dependent
delay probability only mildly fluctuates around the target.
As we increase ¢, the stabilizing effect of the method weak-
ens somewhat, which for other systems was also observed in
[10].

5. CONCLUSION

We have designed an algorithm to let cloud system behav-
ior stabilize around predefined target QoS-levels. While we
have used the delay probability as an example, similar algo-
rithms can be constructed for other performance measures,
such as the mean delay or the blocking probability. The
algorithm operates in the QED regime and is able to deal
with time-varying loads by using the MOL method. It also
allows blocked users to reattempt after exponential times,
an easily implementable yet highly effective way of serving
all users despite the inherently finite capacity of the system.

The dominance of the second phase (6 < ) of the cloud
model strongly impacts the performance of the algorithm.
First, since most users reside in the second phase, the MOL
method makes that in respond to a time-varying load R(t),
the n(t)-levels prescribed by the algorithm show a consid-
erable lag and dampening effect. This is in sharp contrast
with the prescribed s(t)-levels, which follow the movements
in R(t) almost instantaneously. Hence, in the prototypical
cloud regime 0 < p the number of host servers should adapt
quicker to changes in the load than the number of VMs.
Second, while for the M/M/s/n system the reattempt rate
should be taken relatively small, the cloud model is fairly
insensitive to the precise choice of §, again due to the dom-
inance of the second phase. Hence, quick reattempts al-
ready have considerable impact, which is advantageous for
the cloud users.

Apart from this difference in responsiveness, both s(t) and
n(t) crucially influence the system performance, and need
to be considered simultaneously to understand and influ-
ence the system behavior. The focus in the paper was on
performance evaluation, but one could also formulate and
optimize objective functions that quantify the trade-off be-
tween capacity costs and user dissatisfaction, including costs
associated with each unit of s and n, costs charged for delay,
and penalties for each blocked user. This gives rise to a new
class of two-dimensional optimization problems.

Finally, let us mention that our algorithm is proactive [16],
because capacity decisions are prescribed at the start of the
planning period, and the offered load R(t) is predicted based
on the most recent information. As demand is realized over
the course of a period, the cloud providers may want to
deviate from this prescribed plan, as it detects significant
differences between predicted and observed workload. This
provisioning technique is called reactive. With the proactive
provisioning algorithm developed in this paper serving as a
benchmark, such online methods, see e.g. [18, 12], can be
used as refinements for highly dynamic environments.

Both the two-dimensional optimization problems and the

extension of our framework to more reactive algorithms present

exciting directions for future research.
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