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ABSTRACT

The growing cost of tuning and managing computer systems is
leading to out-sourcing of commercial services to hosting centers.
These centers provision thousands of dense servers within a rela-
tively small real-estate in order to host the applications/services of
different customers who may have been assured by a service-level
agreement (SLA). Power consumption of these servers is becom-
ing a serious concern in the design and operation of the hosting
centers. The effects of high power consumption manifest not only
in the costs spent in designing effective cooling systems to ward
off the generated heat, but in the cost of electricity consumption
itself. It iscrucia to deploy power management strategies in these
hosting centersto lower these costs towards enhancing profitability.
At the same time, techniques for power management that include
shutting down these servers and/or modulating their operational
speed, can impact the ability of the hosting center to meet SLAS.
In addition, repeated on-off cycles can increase the wear-and-tear
of server components, incurring costs for their procurement and re-
placement. This paper presents a formalism to this problem, and
proposes three new online solution strategies based on steady state
queuing analysis, feedback control theory, and a hybrid mechanism
borrowing ideas from these two. Using real web server traces, we
show that these solutions are more adaptive to workload behavior
when performing server provisioning and speed control than earlier
heuristics towards minimizing operational costs while meeting the
SLAs.

Categoriesand Subject Descriptors: 1.6.5[M odel Development]:
Modeling methodologies; D.2.8 [Metrics]: Performance measures
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1. INTRODUCTION

The motivation for this paper stems from two growingly impor-
tant trends. On the one hand, the cost and complexity of system
tuning and management is leading numerous enterprises to offload
their IT demands to hosting/data centers. These hosting centers
are thus making a considerable investment in procuring and oper-
ating servers to take on these demanding loads. The other trend
is the growing importance of energy/power consumption of these
servers at the hosting centers, in terms of the electricity cost to
keep them powered on, as well as in the design of extensive cool-
ing systems to keep their operating temperatures within thermal
stability limits for server components. A careful balance is needed
at these centers to provision the right number of resources to the
right service/application being hosted, at the right time, in order to
reduce their operational cost while still meeting any performance
based service level agreement (SLA) decided upon earlier. Fo-
cusing specifically on the energy consumption problem, this paper
presents three main techniques - a pro-active one, a reactive one,
and a hybrid between the two - to dynamically optimize operating
costs while meeting performance-based SLAs.

The growth of network-based commercial services, together with
off-loading of IT services, is leading to the growth of hosting/data
centers that need to house several applications/services. These cen-
ters provision thousands of servers, and data storage devices, to run
these applications, earning revenue from these application providers
(customers) in return - sometimes referred to as on-demand com-
puting. Over-provisioning the service capacity to allow for worst
case load conditions is economically not very attractive. Conse-
quently, much of prior work (e.g. [9, 31, 36]) has looked at finding
the right capacity, and distributing this capacity between the differ-
ent applications based on their SLAs. However, there could still be
time periods during the execution when the overall server capacity
is much higher than the current demands across the applications. It
should be noted that the hosting center is still incurring operational
costs, such as electricity, during such periods.



Energy consumption of these hosting/data servers is becoming
a serious concern. As severa recent studies have pointed out [11,
12, 22, 23, 29] data centers can consume several Megawatt. It is
not just the cost of powering these servers, but we need to aso in-
clude the cost of deploying cooling systems (which inturn consume
power) to ensure stable operation [27]. We are at power densities
of around 100 Watts per square feet, and the cooling problem is ex-
pected to get worse with shrinking form factors. Finally, one also
needs to be concerned with the environmental issues when gener-
ating and delivering such high electric power capacities.

Statically provisioning the number of servers for a given cost
(say of electricity) and performance SLA can be conservative or
miss out on opportunities for savings, since workloads aretypically
varying over time. Dynamic power management isthus very impor-
tant when deploying server farms/clusters, and hardware has started
providing assistance to achieve this. For instance, in addition to
powering down aserver, most processors today allow dynamic volt-
age/frequency scaling (DV'S), where the frequency (and voltage)
can be lowered to produce much more savings in power consump-
tion compared to how much onelooses on performance. Whilethis
may not provide as much savings as shutting down a server com-
pletely, the advantage is that it can still service requests (albeit at
alower frequency), and does not incur as high costs (whether it be
time for transitioning between frequencies or in terms of wear-and-
tear associated with repeated server on-off cycles).

Much of the earlier work [11, 29] in this area, used server turn
off/on mechanisms for power management. The only other work
that considered a combination of these two mechanisms (turn off
and DVS) was done at IBM [15]. However, this work did not (nor
did the others) consider the impact of server off/on cycles on the
long term reliability of server components due to wear-and-tear.
Note that failing of components incurs additional costs (hardware
and personnel) for procurement and replacement. Further, none
of the prior studies have really considered the goal of meeting a
response time requirement (SLA). Rather, they have tried to opti-
mize energy first, at a slight degradation in response time. For a
hosting center, it is more important to meet the required SLA in
terms of response time (since that is the revenue maker), and re-
ducing the energy consumption when meeting this goal should be
a desirable (rather than vice-versa). As our results will show, not
treating the performance-based SLA in the dynamic optimization
as afirst class citizen causes these other schemes to fall short, even
though they may provide more energy savings. Finally, most of
the prior work has just looked at optimizing the energy in asingle
application setting, assuming the existence of a higher level server
provisioning mechanism across applications. Our framework on
the other hand, integrates server provisioning across applications
(which automatically tells us how many serversto turn on/off) with
energy management within an application, in an elegant fashion
while still allowing different options for these two steps.

This paper presents the first formalization to this dynamic opti-
mization problem of server provisioning and DV S control for mul-
tiple applications, which includes a response-time SLA, and the
costs (both power and wear-and-tear) of server shutdowns. We
present three new online mechanisms to this problem. The first
is pro-active in that it predicts workload behavior for the near fu-
ture, and uses this information in a stochastic queuing model to
perform control. The second is reactive in that it uses feedback
control to achieve the same goals. The third is a hybrid scheme
where we use predictive information from the first for server pro-
visioning, and feedback control of the latter for DVS. Using real
web-server workloads in a multi-application setting, we show that
all these schemes can provide good energy savings without ignor-

ing the SLA (unlike the only other related mechanism [15] we can
compare —it is never able to meet the SLA).

2. SYSTEM MODEL

Our hosting center model contains a number of identical servers,
called a server cluster, which are all equally capable of running any
application. While most of our system models and optimization
mechanisms are applicable to a diverse spectrum of application do-
mains (from those in the scientific domain to those in the commer-
cial world), the implementation and evaluations are mainly targeted
towards server based applications (web servers in particular) that
service client requests. Each HTTP request is directed to one of
the servers running the application, which processes the request in
atime (service time) that is related to arequest parameter (e.g. file
size). Consequently, one can impact the throughput/response time
for these requests by modulating the number of servers allocated to
an application at any time.

Dense blade systems are being increasingly deployed in hosting
centers because of their smaller form factors (making it easier to
rack them up), and power consumption characteristics. Such sys-
tems provide a fairly powerful (server-class) processor such as an
Intel Xeon, 1-2 GB of memory, and perhaps a small SCS| disk.
There can be several hundreds/thousands of these blade serversina
hosting center, all consuming electric power depending on whether
they areturned on, and if so at what frequency. From the viewpoint
of the customers (applications) of the hosting center, it isimportant
to have at least as many servers as necessary for that application
in order to meet adesired level of performance (SLA) for its client
reguests. In this exercise, we use asimple SLA that tries to bound
the average response time for requests, and a more extensive SLA
could have been used as well. From the viewpoint of the hosting
center, the goal isto consume as little electrical energy as possible
while still ensuring that the individual applications are able to meet
their end-user SLAsfor client requests. A schematic of the system
environment is given in Figure 1.
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Figure 1: System Model

The workload imposed on a server’s resources when running an
application expends electric power, thereby incurring a cost in its
operation. The important resources of concern include semicon-
ductor components such as the server CPU, caches, DRAMs, and
system interconnects, as well as electro-mechanical components
such as disks. There are two mechanisms available today for man-
aging the power consumption of these systems:

e One can temporarily power down the blade, which ensures
that no electricity flowsto any component of thisserver. While
this can provide the most power savings, the downside is that
this blade is not available to serve any requests. Bringing up



the machine to serve requests would incur additional costs,
in terms of (i) time and energy expended to boot up the ma-
chine during which requests cannot be served, and (ii) in-
creased wear-and-tear of components (the disks in particu-
lar) that can reduce the mean-time between failures (MTBF)
leading to additional costs for replacements and personnel.

e Another common option for power management is dynamic
voltage/frequency scaling (DVS). As will be shown in sec-
tion 4, the dynamic power consumed in circuits is propor-
tional to the cubic power of the operating clock frequency.
Slowing down the clock allows the scaling down of the sup-
ply voltagesfor the circuits, resulting in power savings. Even
though not all server components may be exporting software
interfaces to perform DVS, CPUs [2] - even those in the
server market - are starting to allow such dynamic control.
With the CPUs consuming the bulk of the power in a blade
server (note that an Intel Xeon consumes between 75-100
Watts at full speed, while the other blade componentsinclud-
ing the disk can add about 15-30 Watts), DV'S control in our
environment can provide substantial power savings.

Our framework allows the employment of both these options to-
wards enhancing energy savings, without compromising on end-
user SLAs. In our model, when a machine is switched off, it con-
sumes no power. When the machineison, it can operate at a num-
ber of discrete frequencies f1 < f2 < ... < f¢, where the
relationship between the power consumption and these operating
frequencies is of the form P = Pj,cq + Py.f> (See section 4),
so that we capture the cubic relationship with the CPU frequency
while still accounting for the power consumption of other compo-
nents that do not scale with the frequency.

DV S implementation for a server cluster of these blades can be
broadly classified based on whether (i) the control is completely
decentralized, where each node independently makes its scaling
choice purely on local information, or (ii) there is a coordinated
(perhaps centralized) control mechanism that regulates the opera-
tion of each node. Though decentralized DVS control is attrac-
tive from the implementation viewpoint, previous research [15] has
shown that a coordinated voltage scaling approach can provide sub-
stantially higher savings. In our system model, we use a coordi-
nated DV S strategy where a controller is assigned for each appli-
cation and it periodically assigns the operating frequency/voltage
for the servers running that application. We perform this at an ap-
plication granularity since the load for each application, and cor-
responding SLA requirements, can be quite different. Further, in
our model, each server continues to be entirely devoted to asingle
application until the time of server reallocation.

With this model of the hosting center, the two solution steps to
the problem at hand areto (i) perform server provisioning to decide
how many servers to alocate to each application, and (ii) decide
what should be the operating frequency for the servers allocated
to each application. These steps need to be done periodicaly to
account for time-varying behavior. Note that the first step may re-
quire bringing up/down servers and/or re-assigning servers. The
time cost for such migrations of applications (T5nigrate) and/or re-
boots (Tr-eb00t) e incorporated in our model. Further, there is a
long term impact of server reboots due to wear-and-tear of compo-
nents such as the disk, and we include their dollar cost.

3. RELATED WORK

Resource Provisioning in Hosting/Data CentersSince
many of the services/applications hosted at these centers can have

stringent service-level agreements to be met, there have been sev-
eral investigations into resource capacity planning and dynamic
provisioning issues for QoS control (e.g. [5, 31, 34, 38]). As
many studies have pointed out, over-provisioning of resources can
be economically unattractive, and it is important to accommodate
transient overload situations (which are quite common for these
services) with the existing resources [9]. Dynamic load monitor-
ing (e.g. [30]), transient-load based optimization (e.g. [9, 36]) and
feedback-based techniques (e.g. [3, 18, 26]) are being examined
to handle these situations. However, these studies have mainly fo-
cused on performance (and revenue based on an SLA), and have
not examined the power consumption i Ssues.

Energy Management in Mobile Device&hergy manage-
ment has traditionally been considered important for mobile and
resource-constrained environments that are limited by battery ca-
pacities. One common technique is to shut off components (e.g.
the disk [21],[24]) during periods of inactivity. The influence that
the frequency (which allows the voltage to be scaled down) has on
the power consumption has been exploited to implement Dynamic
Voltage Scaling (DVS) mechanisms for energy management of in-
tegrated circuits [10], [32]. Consequently, many processors - not
only those for the mobile market, but even those in the server space
[2] - today are starting to offer software interfaces for DVS. There
have been numerous studies on exploiting DVS for power savings
without compromising on performance (e.g. [17], [19],[25], [28],
[37]). However, all these studies have been for mobile devices that
have very different workload patterns than servers, and/or for em-
bedded environments where soft/hard real-time constraints need to
be met within a power budget.

Energy Managementin Servers and Data Centeliss.
only recently that energy management for server clusters found in
data/hosting centers has gained much attention [8, 12, 16, 20, 23,
29]. Amongst these early studies, [11, 12, 29] show that resource
allocation and energy management can be intertwined by devel op-
ing techniques for shutting down serversthat are not in use, or have
low load (by offloading their duties to other servers). A detailed
study of the power profile of areal system by researchers at IBM
Austin [6] points out that the CPU isthe largest consuming compo-
nent for typical web server configuration. Subsequent studies [15,
33] have looked at optimizing this power, by monitoring evolving
load and performance metrics to dynamically modulate CPU fre-
quencies. A categorization of these most closely related investiga-
tionsis summarized in Table 1, in terms of whether (i) the schemes
consider just server shutdowns or allow DVS, (ii) they focus on
energy management of just 1 server (which can be thought of as
completely independent management of a server without regard to
the overall workload across the system), (iii) they consider differ-
ent applications to be concurrently executing across these servers
with different loads, iv) they try to meet SLAs imposed by these
applications, and (v) they incorporate the cost of rebooting servers
(in terms of both time and MTBF).

Of the four related studies shown here, only two [15, 33] have
considered the possibility of DVSfor server applications. Of these
two, only the IBM work [15] has examined the issues in the con-
text of a server cluster, with the other focusing on a single ma-
chine/server setting. However, even the IBM work has not consid-
ered the issues in the context of multiple applications being hosted
on these server clusters (i.e. the server provisioning problem in
conjunction with energy management), nor have they considered
the long term impact of machine reboots on operating costs.



DVS? | Multiple | Multiple | SLA? Reboot
servers? | applns.? cost?
Duke[11] No Yes(5) Yes(2) Yes Yes(Time)
Rutgers[29] No Yes(8) No No Yes(Time)
Virginia[33] Yes No No No No
1BM [15] Yes | Yes(10) No No No
Ours Yes Yes Yes Yes Yes

Table 1: Comparing the most related studies with this
work. The numbers given in parenthesis indicate number of
serversapplns. used in the study. The “Time” for the reboot
cost indicates that only the time overhead of rebooting systems
was considered (and not the wear-and-tear).

4. PROBLEM FORMULATION

We model our hosting centers to have M identical servers, all
equally capable of running any application. Our model alows a
maximum of N different applications to be hosted at any time
across these servers, with each application 7 being alocated m;
servers at any time (3, m: < M). When a server is operational,
it can run between a maximum frequency fm.. (consuming the
highest power) and a minimum frequency f..», wWith a range of
discrete operating frequency levels in-between. The service time
of arequest that comes to an application is impacted (linearly) by
the frequency, and the overall service capacity allocated to an ap-
plication isalso directly related to the number of servers allotted to
it.

A server CPU operating at a frequency f consumes dynamic
power (P) that is proportional to V2 x f, where V is the oper-
ating voltage [10]. Further, underlying circuit design inherently
imposes a relationship between the operating voltage and circuit
frequency. For instance, aswe lower the voltage (to reduce power),
the frequency needs to be reduced in order to allow for the cir-
cuits to stabilize. The common rule of thumb for this relationship
isgiven by V.« f. Since the power consumption of all other
components (except the CPU) is independent of the frequency, we
have thefollowing simple model of power consumed by one cluster
node running at frequency f: P = Pyizea + Py * f3. This cubic
relationship between operating frequency and power consumption
has been used in other related work as well [15]. We can then cal-
culate the energy consumption of the servers at the hosting center
operating at a constant frequency f, over timet, as

E:M*/P*dt:M*(szzed+Pf*f3)*t
t

Since the real workload is expected to be time varying, we need
to control M and f over time to manage the energy consumption
while adhering to any performance goals. Let us say that these are
controlled periodically at agranularity of timet.

Electricity Cost of Operation:Over a duration of Z such
time units of duration ¢, the overall energy consumption is

S YL mi(2) * (Prigea + Py % fi(2)%) * t,

where m;(z) is the number of servers alocated to application i
during the z-th time period, which are all running at a frequency
fi(2). If Kg isthe electricity charge expressed as dollars per unit
of energy consumption (e.g. kilowatt hour), then we have the total
electricity cost (in dollars) for operation of the hosting center to be
S 7 Yy Ks *mi(2) % (Prizea + Py % fi(2)%) %t

Cost of Server Turn-onsDne important point to consider
is the impact of turning on/off servers. While frequency scaling
isitself relatively ssimple (taking only a few cycles), and may not

significantly affect the long term reliability of the system, the ef-
fects of turning off/on the servers should not be overlooked. Ma-
chine reboots can last several seconds/minutes, consuming power
in the process. Further, it is well understood that server compo-
nents (disks in particular) can be susceptible to machine start-stop
cycles[14], thusreducing the MTBF when we perform server shut-
downs. If B, isthedollar cost of asingle server turn-on cycle, then
the total amount of dollars expended by any mechanism using this
approach can be calculated as

.
S22 Box L mi(z) = X miz — )]

Note that the term 2™ = z when = > 0 and ™ = 0 oth-
erwise. B, itself needs to account for the dollar energy cost for
bringing up the machine (P X Treboot X Ks), together with the
dollar cost incurred by asmaller MTBF (denoted as C,.), i.e. B, =
Praz * Trevoot ¥ Kg + Cr, Where Py, denotes the server power
consumption when running at finqz-

Putting these together, we get the dollar cost of operation to be

z N
Z <ZK$ *mi(2) * (Prigea + Py * fi(z)g) *1
z =1

=1

N N +
+B, * Zmz(z) — Zmz(z — 1):| >
=1 =1
which is the objective function to minimizeNote that one could
choose to minimize this objective by inordinately slowing down the
frequencies, or shutting down a large number of servers. This can
result in violating any service level agreements (to meet aresponse
timerequirement) to customers/applications. Weuseasimple SLA,
where the requirement is to meet an average response time target.
Consequently, when minimizing the above objective function, we
need to obey the following constraints:

o W; < Wi, which is the SLA to constrain the average re-
sponse time of application 4 to atarget W;.

o fi(2) € F=(f1,f2,...ff) where f1 < f2 < ... < f¥,
which says that a running server has to operate at one of the
¢ discrete frequencies. We use f,i» to denote f1 and fiax
to denote f£.

. va m;(z) <= M, sincethetotal number of allocated servers
has to be less than total capacity.

5. METHODOLOGY

We next discuss three mechanisms to determine the number of
servers (m;) alocated to each application ¢ and their frequency
(f:) at any instant. Note that all m, servers of application 7 run at
the same frequency f; as explained in section 2. To accommodate
time-varying workload behavior, we assume that every T minutes,
servers are alocated for the IV applications (i.e. for all ¢, we deter-
mine m;). Likewise, every ¢ minutes, we determine the frequency
fi for the m; servers of application i. Although not required for
modeling, for logical and implementation reasons we assume that
T is an integer multiple of ¢. Thereby at larger time granularities
T, we perform server alocation/provisioning, and at smaller time
granularities (t), we tune the servers to different frequencies. The
basic premise for doing this at 2 granularities, with 7" > ¢ is that
server re-allocation (machine reboots and application migration) is
much more time-consuming than changing the frequency. There
are U intervals of length T present in the entire duration for which
we want to optimize, and each of these (denoted by © = 1to U) has
S intervals of length ¢ (i.e. s = 1to S). Thisis pictorially shown
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in figure 2. We first propose two techniques - non-linear optimiza-
tion based on steady-state queuing analysis, and a technique based
on control theory - to determine f; and m; at every t and T' min-
utes respectively. Then, weillustrate a hybrid approach integrating
these techniques.

5.1 Queuing Theory Based Approach

We can model the system under consideration asa set of N par-
allel queues denoting the NV applications. Client requests for appli-
cation ¢ arrive one by one into its corresponding infinite capacity
gueue (queue-i). Setting m; and f; by analyzing this queuing sys-
tem involves three phases. First, we need to predict request arrival
pattern and service time requirements. Next, we can use the pre-
dicted arrival and service time information in a queuing model to
determine the mean response time for each application. Finaly, we
can use the response time information in our optimization problem,
for which we describe atractable solution strategy.

5.1.1 Prediction

To perform queuing analysis in each interval, we require esti-
mates of mean arrival rate of requests (), squared coefficient of
variation of request inter-arrival times (C2), mean file size in bytes
(¢), and squared coefficient of variation of file size (C?) for each
application i. Notice that all four of the above parameters are time
varying as well as stochastic, requiring a prediction of their val-
ues at each interval. Historically, researchers have used either self-
similar traffic patterns or used deterministic time-varying parame-
ters. On one hand, self-similar models are attractive for describing
the nature of the traffic and generating synthetic workloads, but
they do not lend themselves well for analysis. On the other hand,
time-varying models require Poisson assumptions and full knowl-
edge of the time-varying behavior. It is important to note that it is
not our goal here to determine the best prediction techni¢losv-
ever, our contribution is that if the parameters are well predicted,
we can approximate the inter-arrival times and file size require-
ments as independent and identically distributed (i.i.d.) inside each
interval and use this conveniently for online optimization.

We present a simple prediction technique with the disclaimer
that this can surely be improved upon. From one time interval
to another, for the mean inter-arrival times and standard deviation
of inter-arrival times, we use a multiplicative SARMA (seasonal
autoregressive moving average) [35]. We use several intervals of
“training” data to tune the SARMA model. Then, based on the
cumulative average, seasonality effects, as well as the value at a
few previousintervals, we identify the parameters for agiven inter-
val. For mean and standard deviation of file size we use a simple
decomposed model or Winter's smoothing method [35]. In gen-
eral, we found that the prediction works reasonably well for arrival
rates, but the errors can be higher in terms of file sizes in certain
cases. However, as we mentioned, our goal here is not necessarily
to derive the best prediction mechanism. Note that the prediction
values will be computed dynamically at the beginning of each in-
terval during the actual execution with the real data.

5.1.2 Queuing Analysis

Using the predictions of A(3), C2 (i), ¢(i), and CZ (i) for agiven
interval for each application i, we next obtain an expression for
the predicted average response times (17;) in that given interval.
We approximate queue-i to be a G/G/m; queue withi.i.d. inter-
arrival times and i.i.d. servicetimes. Further, we assume that the
time interval is large enough that steady state results can be used
(note that thisis one of the reasons why results with this technique
may not be very good for small time granularities of control as
our evaluations will show). There are several approximations for
response timein the literature, of which many are empirical. Inthis
study, we use the method in Bolch et a [7], which states that

g (2n) (Frt) o

where 3 « f; is the bandwidth of the server in bytes served per
second for application i (3 is a constant that is calculated by mea-

suring the service time of HTTP requests of different sizes on an
m;+1

actual system), p; = 2228 and o, = p; 7 Notice that W;
in Equation (1) is non- Ilnear with respect to the deC|S|on/controI
variables f; and m;. Also, we do not need to write down the con-
straint p; < 1 explicitly in the optimization problem as satisfying
the SLA constraint would automatically ensure this.

Note that WW; decreases with respect to both m; and f;. There-
fore the SLA constraint would be binding if f; and m, were con-
tinuous. However in the discrete case, we can obtain an efficient
frontier (i.e. for every f; we can find the smallest m; that will ren-
der the SLA constraint feasible). As there are ¢ levels for f;, we
will have to consider only ¢ pairs of m; and f; for each application
in each interval, asis exploited below.

5.1.3 Solving the optimization problem

Weuse s and w in al the parametersto denote the corresponding
subscriptsfor S and U intervals as shown in Figure 2. For example,
m;(u) is the number of servers in queue-i at the u*" interval of
duration 7', and f;i(u, s) is the frequency of a server in queue-; at
the s'” interval of duration ¢ for this given «. The optimization
problem can then be re-written in terms of the decision variables
fi(u, s) and m;(u) (assumefor al 4, m;(0) = 0) as.

fi(u,rsn)%rrali(u) Z <ZZK$mZ

s=1i=1

N N +
+ B Zmi(u)—Zmi(u—l) )
=1 i=1
subject to
W; < Wiforadli
N
> “mi(u) < M forall u, and m,(u) is anon-negative integer
i=1
fi € F

Clearly, the above optimization is non-linear and discrete in terms
of the decision variables for both the objective and the constraints.
Hence standard optimization techniques are not enough. Since we
only consider afinite number of frequency alternatives, it istempt-
ing to do a complete enumeration to determine the optimal solu-
tion. However, a complete enumeration would require comparing
O(¢5 MY N) values - and performing these periodically during ex-
ecution. Therefore we resort to a heuristic as explained below.

Pfured‘i’Pf *fz(u S)B)t



We revise the prediction model described above dynamically

based on the previous observation (for « — 1), and then run the
following two steps at the beginning of each u. We explain the
steps briefly without going into details. We first consider the case
t = T, and therefore for all intervals s = 1. Under thisframework,
we use fi(u,s) = fi(u) for ease of notation.
Step 1:We first obtain a feasible solution that would result in an
upper bound to the objective function. We consider only a single
interval and optimize the parameters f; (u) and m;(u) for the sm-
plified objective as below:

fonin sy Ksmi(u)(Prigea + Py * fi(u)*)t

+Bo 3oL, mi(u)

There are two ways of solving this, one is to assume the decision
variables (m;(u) and f;(u)) are continuous and use standard non-
linear programming techniques. Thisis especially useful when the
problem is scaled to a large number of applications. However, we
use a second method where we exploit the monotonicity properties
of the objective function and constraints as well as the fact that the
frequencies take only a small number of discrete values. For that
purpose, we use estimates of moments of inter-arrival times and
file sizes, across al applications and across al intervals. Then, for
each interval u we start by finding the minimum number of servers
m,;(u) for al applications i so that the constraint W; (u) < W; can
be satisfied using the highest frequency for the servers. Note that
the total number of serversin the hosting center M islarge enough
that this would guarantee the constraint > | m;(u) < M to be
automatically satisfied - otherwise it impliesthe SLA has been cho-
sen poorly since it would have been violated even without any en-
ergy management. This solution can be improved by recognizing
that the objective is a cubic in terms of the frequency that needs to
be reduced. Therefore by suitably decreasing f;(u) and increasing
m;(u), as long as the constraints are satisfied, we can obtain a so-
lution that would be close to the optimal solution, i.e. we aretrying
to find the number of servers that are needed when they are all op-
erating at lower frequencies that can give the most power savings.
When reducing f;(u), we select applications in decreasing order of
fi(u) for each interval.
Step 2:We next consider al the intervals together. The actua ob-
jective function that is the total cost across the entire execution, is
used for this purpose. We use the upper bound solution from the
previous step and work our way accepting feasible solutions that
reduce the objective function value. If apoint in this feasible space
improves the objective, we accept that solution and search further
in its neighborhood. In our approach we consider oneinterval at a
time (going from the first to the last) and in each interval we select
the applications in the decreasing order of their frequencies. For
each application we compare the number of serversin that interval
against those of the next interval. We try to level off the number of
servers (to the extent possible) whenever the resulting solution im-
proves. We search greedily giving importance to the points where
the number of servers for thisinterval are close to the number for
the previous interval (to reduce turn-on costs). Thereafter, we tune
the frequencies so that the resulting solution remains feasible.
Note that T' = ¢ is being assumed in the above two steps. To
handle the cases where T' > ¢, we first perform the above opti-
mization (assuming ¢t = T and using average values of arrival and
file size parameters over every interval) at each of w = 1to U, to
first determine the m;(u). Subsequently, using the prediction in-
formation for each s, we determine the appropriate f;(u, s) using
this pre-determined vaue of m; (u).
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Figure 3: Overview of the control-theoretic approach

5.2 Control Theoretic Approach

An aternative strategy that we propose is based on feedback con-
trol theory. Compared to the previous mechanism that relies on
steady-state analysis of the system, control theory provides a way
of addressing the system’s transient dynamics using feedback. It
can allow finer granularity of controlling the system, to become
more responsive to workload changes. In this approach, we de-
compose the given problem into two sub-problems:

1. Dynamically determine an aggregate frequency for each ap-
plication that can meet response time guarantees when there
is a single server per application running at this frequency;
the objective for this subproblem is to meet response time
with minimal aggregate capacity.

2. Solveaserver allocation problem, which determinesthe num-
ber of serversfor each application in order to provide the ag-
gregate frequency obtained from the first subproblem. The
objective for this subproblem is to balance between the cost
of turning on new servers and the energy consumption of run-
ning servers at a higher frequency.

Figure 3 shows aschematic of thisapproach. At each time period
t, based on the feedback of tracking error that is the difference be-
tween the measured response time and itstarget value, an aggregate
frequency will be computed for each application using control the-
ory to provide response time guarantees. The number of serversfor
each application will then be allocated through an on-line optimiza-
tion to provide the required aggregate frequency. Thefrequency for
each individual server is calculated in terms of the aggregate fre-
quency and the number of running servers. Since we set al servers
for each application to be running at the same frequency f;, the
aggregate frequency provided for the i-th application is calculated
as Fi(u,s) = mi(u) * fi(u,s)foru=1,---  U;s=1,---,8S.
We use F;(u, s) interchangeably with Fj(k), k = 1,--- ,U % S
when necessary. It should be noted that though the notion of aggre-
gate frequency is based on approximating the response time from
multiple servers by the response time from a single server with the
same capacity, the feedback of real response time will hopefully
make enough adjustments for this approximation. The details of
the feedback control block and the on-line optimization block are
given next.

5.2.1 Feedback Control of Aggregate Frequency

For the first subproblem, we apply optimal control theory to dy-
namically determine the aggregate server frequency for each appli-
cation. The original formulation in Section 4 minimizes operation
cost subject to a constraint on response time. In this section, we
incorporate the response time SLA into the objective function to
meet response time with as low cost as possible. We modify the
objective function as follows,

N UxS

>3 (Re s FXR) + R x (Wilk) = W)") ()

i=1 k=1

where k isthe index for timeinterval ¢; Rr and Rw,; are weights
whose ratio provides tradeoffs between meeting target response



time and having lower energy cost. The weight parameters Ry
and Ryw,; are chosen to give priority to the SLA. The aggregate
frequency F; isconstrained by the total system capacity, i.e.

N

ZFI(I{I) SM*fmaar (3)

=1

fork=1,---,U=xS. Thecost function (Eq. 2) together with con-
straint (Eq. 3) define a constrained multi-input (F;) multi-output
(W;) optimal control problem. One way to deal with the constraint
(Eq. 3) istoincorporateit into the cost function. In this paper, since
we assume that there is enough computation capacity to meet the
response time guarantee for all applications (otherwise, the SLA
would not have been agreed upon), constraint (Eq. 3) isaways sat-
isfied. Consequently, we solve the aggregate server frequency for
each application separately, which leads to solving N independent
single-input single-output control design problem.

From the optimal control literature, the Linear Quadratic (LQ)
regulator [4] seems to be the most appropriate way of solving this
problem. However, in ageneral LQ formulation, the cost function
depends on a quadratic term of the control variable. Therefore, we
define a new control variable F; = F*/* to make the LQ method
applicable for our problem. Based on the above arguments and
approximations, the cost function for optimal control design is de-
fined as follows

UxS
Ji = (Rr* F(k) + Rw.i x (Wi(k) = Wi)*) (4

k=1

fori = 1,---, N. Next, we first use system identification tech-
niques to build a dynamic model between the new control input F;
and the response time W, after which aLQ control law is derived.

System Identificationwe approximate the dynamic relation
from F; to the response time W; by a linear second-order ARX
model asfollows:

Wi(k+2) = ai, 1 Wi(k+1)+ai2Wi(k)+bi1 Fi(k+1)+ei(k+2)
©)

or in a state-space form,

Wik+1) \ _ Wi (k) ~ 0

( Wik +2) ) —HZ( Witk +1) )*GiFﬁ( ei(k+2) )
(6)

0 1 ),Gi:( 0 ),andeidenotesthe

a2 Qi1 bi,l

noiseinthesystem, k =1,--- ,U %S — 2.

A second-order model ischosen here as a balance between model
complexity versus accuracy to fit the empirical data. For system
identification, a pseudo-random binary signal is used to generate
the server frequency trajectory F;, and part of the input workload
is used to produce the corresponding response time trajectory W;;
then the data set (F;, W;) is used by standard system identification
toolbox in Matlab to compute the model coefficients in (Eq. 5).
It should be noted that even though we use areal trace of HTTP
reguests for system identification (which is the same as that used
in generating prediction models for queuing in section 5.1.1), this
trace is for atime period that is different from what is used in the
actual simulations and evaluations. Since the coefficient valuesin
Equation 5 depend on the sampling granularity of the empirical
data, for each time granularity (T,t) that we use in our evaluations,
an individual system model (Eqg. 5) is constructed for control de-
sign. Details on the accuracy of the model can be found in [13].

where H; =

Control Law. Given the cost function (Eq. 4) together with the
linear dynamic equation (Eq. 6), the Linear-Quadratic regulator
provides an optimal solution that is always stabilizing. The result-
ing LQ control input F; is represented as the product of an optimal
feedback gain with the tracking error in meeting response time,

mw_mf) o

Fi(k +1) = = Rp'TLG: ( Wik — 1) — W;

In terms of the LQ control theory, the negative feedback gain
—R,'TI;G; isdetermined by solving TT; from the following Ricatti
equation,

HITLH, — 1L — (HI'ILG)(Rr + GYILG:) N (GI 1L H))
+ Rw:=0 ®

The LQ solution can be easily calculated using existing Matlab
toolbox. The aggregate frequency F; for the i-th application isthen
calculated by F; = F*/%. In the implementation of the LQ regu-
lator, an integrator is appended to reduce the steady-state tracking
error in meeting response time SLA. Thus overall controller is

Fi(k + 1)=F(k)+F Pk +1)
P 2/3
= Fi(k)— Rp*? {HiGi ( W%f(ﬁ)n KVVV )} ©)

fork = 1,--- ;U * S — 1. The weights Rr and Rw,; in
(Eq. 4) are design parameters. The rule of thumb isto set Rr as
1/(Fimaz)? and Rw,; @1/ (Wi max — Wi)?, where the subscript
mazx denotes the maximum possible value.

5.2.2 Server Allocation

Given the aggregate frequency F;(u, s), an on-line optimization
is formulated to allocate servers to each application. Thisis based
on the tradeoff between the energy cost of running servers with
higher frequencies versus the cost of turning on more servers.

Define m(u) = 3", m;(u), which denotes the total num-
ber of servers being turned on across al applications, and define
F(u) = 3N (max,_i,... s Fi(u, s)), which denotes the total
capacity that m(u) should provide at each time interval of T'. We
allocate the number of servers for each application m;(u) propor-
tional to its aggregate frequency, i.e.,

max, F;(u, s)1

Sinceserver alocationoccursatw = 1,--- , U, by using f;(u, s) =
Fi(u, s)/mi(u) < F(u)/m(u) inthecost function defined in Sec-
tion 4, we minimize the following cost,

mi() = [m(u) * (10)

U
> (Ksxm(u) « T % (Prizea + Pr  (F(u)/m(u))?))

+ Z Bo * [m(u) —m(u—1)]T (11

Each server’s frequency should be operated within [fimin, fmaz]-
Consequently, for providing the aggregate frequency F'(u), the to-
tal number of servers that are allowed to run across al applications
a u is constrained by m(u) < m(u) < m(u), where m(u) =
[0 and m(u) = min([ £ |, M).

Equation (11) isacost function with decision variable m(u). We
compute m(u) at the beginning of each w, but at that time the value
of F' calculated based on the feedback control in section 5.2.1 is




only upto F(u — 1) and the values of F'(u) to F'(U) are not avail-
able. Therefore, an on-line greedy agorithm is designed to solve
m(u) in minimizing Equation (11). Further, we use the capacity
from the previous interval F;(u — 1, s) and F'(u — 1) to calculate
m;(u) in Equation (10). A pseudo-code of this on-line algorithm
can befound in [13].

The general idea behind this on-line server allocation algorithm
is explained as follows. If we ignore the server turn-on costs in
Equation (11), minimizing the number of servers (denoted by
m™(u)) for the energy cost can be achieved by setting the first
derivative of Equation (11) with respect to m(u) aszero, i.e.

(Ks *m(u) * T % (Prigea + Pr + (F(u) /m(u))?)

Sm(a)
= Ks x T * (Pfizea — 2132;75)(@) =0 (12

which gives
m () = [P) « ()" (13)

This m*(u) gives the break even number of servers based on the
trade-off between theincreasein cost due to turning on more servers,
and the corresponding decrease in power expended because of al-
lowing them to operate at a lower frequency. If we add one more
server beyond m™*(u), the increase in cost due to the addition will
outweigh the cost reduction due to the decrease of server frequency.
Therefore, the number of servers being turned on m(u) should be
always lessthan m™ (u) even without considering the cost of server
turn-ons.

If wetake into account the cost of turning on servers (B,), at any
u,u=1--- U, therearetwo cases:

1. If the number of running servers in the previous time period
m(u—1) ishigher than the minimum of the break-even num-
ber m™ (u) and the upper-bound 77 (u), the number of servers
m(u) should be brought down to min(m* (u), m(u)) - there
is no associated boot cost for this.

2. Otherwise, additional servers beyond m(u — 1) could be
turned on, but the total number of running servers is still
upper-bounded by min(m* (u), m(u)).

For the second case, the number of servers is determined iter-
atively. Assuming that the number of servers has been increased
from m(u — 1) to ¢, turning on one more server beyond ¢ will
add a one-time boot cost By, while it will reduce power cost by

K (j — 1) 5T % (— Ppigeq + 22157 (which is the derivar
tive of thefirst termin Equation (11) at m(u) = %) only if no server
will be turned off during time « to time j. The latter condition is
checked by verifying if 4 is less than the minimum of m*(u) and
m(u) up to time 5. Note that at current time period u, we do not
have future aggregate frequency F'(j) for j > w to calculate m(j)
- we use an estimated value m.(7) to restrict 4 - which could cause
the algorithm to become more greedy. Based on this argument, the
algorithm searches if there exists such j within the whole U time
periods during which the saving in power cost is larger than the
one-time boot cost for turning on one more server. More servers
will be turned on when such j exists until the number of running
servers touches its upper bound.

After the aggregate frequency and number of serversfor each ap-
plication (Equation (10)) has been determined, the server frequency
is calculated as

) (14)

foru=1,---,Uands=1,---,S,whereD(-) denotes rounding
up the frequency to discretelevelsin F = (f1, f2,....f¢).

5.3 Hybrid Approach

The queuing approach, described above, can be viewed to be
“pro-active”, since it predicts workload behavior for the near fu-
ture and tunes server allocation and frequency setting appropriately.
While it can do well when the predictions are fairly accurate, and
the steady state stochastic behavior is obeyed (requiring a fairly
coarse-grained window), it may not be adaptive enough for fine-
grained transient behavior. On the other hand, the control theoretic
approach can be viewed to be “reactive” since it bases its deci-
sions on feedback (we are using feedback control here rather than
feed-forward), and is thus expected to be better at finer granulari-
ties, though it can possibly miss out on the predictive information
for alonger granularity of optimization. This leads us to consider
a hybrid scheme, where we use the predictive information of the
queuing approach to determine server allocation (section 5.1) at a
granularity of T, and the feedback-based control theoretic approach
for frequency setting (section 5.2.1) at the smaller granularity of
t. Note that this strategy is also in agreement with our underly-
ing philosophy where server provisioning costs (in terms of time
for server turn-on and application migration) are anticipated to be
much higher than frequency control, and are thus expected to be
done less frequently (i.e. T > t).

6. EXPERIMENTAL EVALUATION

6.1 Experimental set up

We used real HTTP traces obtained from [1] during the last week
of September and early October 2004, for our eval uation, whose ar-
rival time characteristics are shown in Figure 4. There are 3 traces
in all, denoted as Applications 1 to 3, with each trace being for a
3 day duration. We use the data of the first 2 days (called train-
ing data) to build the prediction model for the Queuing approach
and the system identification model for the control-theoretic ap-
proach, while only the 3rd day’s trace is used in the actual simula-
tion/evaluation. We mix these three applications in our experiments
to get different workloads, WL1 to WL3: WL1 contains only one
application, namely Application 2; WL2 includes both Applica-
tions 1 and 2; while WL3 includes all 3 applications.

The techniques have been evaluated using a smulator built on
top of the CSIM simulation package. The simulator takes the server
frequency f; and the number of serversm; for each time period as
inputs, and generates response time W; as system output for agiven
static HTTP request trace. During the simulation, it also calculates
the energy consumed, number of reboots, and cost of operation.
The cost of reboots and migrating a server from one application to
another are inputs to the simulator. In the interest of space, we give
abrief description of the simulation model below, and the reader is
referred to [13] for further details.

Since we are primarily interested in the CPU power, which as
explained in section 2 dominates over the other components, we
assume that the static HTTP reguests hit in the cache. Further, as
pointed out in [15], 99% of the HTTP requests can be easily served
from the cache. We ran microbenchmarks of requests with differ-
ent file sizes on a server machine that hit in the cache and used this
as the service times for the requests at the highest operating fre-
quency (2.6 GHz). As expected, the relationship between file sizes
and service times was more or less linear. We also conducted sim-
ilar experiments on a laptop with DV'S capabilities to confirm that
the servicetimeisinversely proportional to the operating frequency
of the CPU, and appropriately adjusted the servicetimesin our sim-
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ulation model for the server class CPU. Each node in the simulated
cluster uses these service times in serving requests in FCFS or-
der. The maximum power consumption at the highest frequency in
our simulator is 100 W, which roughly matches the consumption
on current server CPUs. We then use the well-known cubic rela-
tionship between frequency and power, to model the power at each
discrete frequency, which is similar to the technique in [15].

We restrict the results presented here to the parameter values
shown in Table 2 in the interest of space. The table gives the differ-
ent possible CPU frequencies, and their associated power consump-
tion values. The electricity cost (K) is close to that being charged
currently, and the dollar cost associated with wear-and-tear per re-
boot is based approximately on the cost of a disk replacement (say
$200 including personnel) and the rated MTBF (say 40000 start-
stop cycles). Though our model alows per application W, in the
interest of clarity we use the same target response time for al ap-
plications of 6 ms. We have ensured that thisis achievable for each
workload by provisioning an appropriate number of servers (M) as
given in the table. We consider different combinations of 7" and ¢,
witht < T, i.e. DVSbeing done much more frequently than server
allocation, with (7,t) being used to denote the experiment.

Vaue
(1.4,157,1.74,1.91, 2.08, 2.25, 2.42, 2.6)
(60, 63, 66.8, 71.3, 76.8, 83.2, 90.7, 100)

Parameter
F (inGHz)
P (in Watts for each f)

Ky (cents KWH)
C.. (cents/boot)
B, (cents/boot)

Treboots Imigrate

W; (in msec)
T (in minutes)
t (in minutes)

10
20,000/40,000 = 0.5
C,.+0.025 = 0.525
90 secs, 20 secs

13 (for WL1), 31 (for WL2), 39 (for WL3)

6
(60, 20, 10)
(60, 20, 10, 5) with t < T

Table 2: Default Parameter Values for Simulation
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Figure4: Time Varying Arrival Rates

Metrics:. The main statistics that we present here include (i) the
objective function (i.e. Cos), (ii) the energy consumption (Energy
%) expressed as a percentage of the energy that would be consumed
if all the servers were running al the time at the highest frequency,

i.e. without any power management, (iii) the number of reboots
(#reboot3, and (iv) the mean response time (RT). When evaluating

any scheme we want to first check whether it is able to meet the
response time SLA (i.e. atarget of 6 ms), before checking its en-

ergy consumption or cost. However, it should be noted that some
schemes may very marginally violate this SLA while saving sub-

stantial cost. In order to not penalize such a scheme, we allow a
10% slack inthe SLA, i.e. we consider schemes that can go as high

as 6.6 msin its mean response time when comparing them, and we
term such a scheme to be a viable option.
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6.2 Results

6.2.1 Need for Sophisticated Strategies

Before evaluating our schemes, we first present some results to
motivate their need, by examining the following three “simple”’
schemes running WL 1:

1. Fixed servers, constant frequency during the entire experi-

ment: Results with such a scheme for the maximum servers
(=13) by running the experiment in a brute-force fashion with
each frequency level is shown in Table 3 (g). If we want any
“viable” option with this scheme (i.e. RT < 6.6), the low-
est cost we can get is 196 cents, which isaround 15% higher
than what Queuing can provide at (60,60) - see Table 4 - and
we can do even better at other granularities.

2. Highest frequency, constant number of servers during the

entire experiment:This corresponds to statically configur-
ing the hosting center with the minimum number of servers
needed to meet the SLA if they were al to run at the maxi-
mum speed. Looking at the results for this scheme in Table
3 (b), we see that it takes at least 8 servers operating at full
frequency, before this becomes a “viable” option. Even at
this number of servers, the energy consumption and cost are
higher than for our schemes at different time granularities
(compare with Table 4).

3. Maximum number of servers, switch betwéggn, and frqx:
Whenever there is no request, a server switches to the mini-
mum frequency (no cost is assumed for such switching), and
whenever a request arrives it switches to the maximum fre-
quency until it has finished serving the request. Clearly, the
response time is not any different from operating at maxi-
mum frequency. However, the energy (72.9% of having them
all operate at highest frequency) and cost (227.55 cents) are
much higher than what we can get with our schemes.

Note that the first two schemes require a brute-force evaluation of
all alternatives, and are thus not suitable in practice. Our point
in showing their results was to point out that even if one had a
very good static server capacity allocation mechanism for the host-
ing center, results with a dynamic power management strategy can
provide better savings due to time-varying behavior of the work-
load. One could envision the above third scheme to be a “no-
brainer” power management strategy if there are no costs to tran-
sition between frequencies. However, with reasonable load condi-
tions, there is not that much scope for operating at lower frequen-
cies. The reader should note that we could use any of our three
proposals in conjunction with this third simple mechanism in order
to set the maximum frequency at which to serve a request dynam-
ically (and to otherwise bring it down to f,,:»). However, we do
not consider that in the evaluations.

Freg. Cost RT | Energy Serv. Cost RT | Energy
(GHz) | (cents) | (ms) (%) (#) (cents) (ms) (%)
1.40 187.20 | 9.08 60.00 1 24.00 | 29368.20 7.69
157 196.76 | 5.07 63.07 2 48.00 | 17846.13 15.38
174 | 20866 | 3.25 66.88 4 96.00 3065.25 30.77
191 22314 | 2.34 71.52 6 144.00 28.45 46.15
2.08 24046 | 1.87 77.07 8 192.00 5.05 61.54
2.25 260.87 | 157 83.61 10 240.00 1.95 76.92
242 28463 | 1.36 91.23 12 288.00 1.35 92.31
2.60 312.00 | 1.20 | 100.00 13 312.00 1.20 | 100.00

(a) Fixed Servers = 13, Const. Freq.

(b) Max. Freg. = 2.6 GHz, Const. Servers

Table 3: Resultsfor the“simple” strategies




WL1 WL2 WL3
(Tt) Schemes Cost RT | Energy | #reboots Cost RT | Energy | #reboots Cost RT | Energy | #reboots
(cents) (ms) (%) (cents) (ms) (%) (cents) (ms) (%)
(60, 60) | Queueing +/ 170.00 5.86 51.54 16 v/ 337.96 491 42.90 34 +/492.90 5.81 50.26 44
Control 196.75 4.89 60.00 9 351.97 5.70 4484 15 523.42 5.77 53.33 24
Hybrid 191.68 5.47 58.46 16 346.70 5.86 44.19 35 508.97 5.83 51.79 a4
1BM 11055 | 11.07 35.38 18 21057 8.25 28.39 34 310.06 | 11.80 33.08 49
(60, 20) | Queueing +/ 161.55 6.52 49.23 16 /345,14 5.97 43.87 34 \/ 487.47 5.68 49.49 44
Control 186.84 6.77 56.92 12 346.41 7.08 44.19 16 512.59 6.19 52.31 24
Hybrid 185.52 5.79 56.92 16 34311 6.55 4355 35 502.96 5.82 51.28 a4
(60,10) | Queueing / 162.62 5.96 49.23 16 / 345.48 6.31 44.19 34 / 489.70 5.41 49.74 44
Control 187.00 6.62 56.92 15 34355 7.16 4355 17 \/ 506.65 5.81 5154 23
Hybrid 184.06 5.82 56.15 16 339.64 5.94 4323 35 498.23 5.45 50.77 a4
(60,5) | Queueing 158.69 | 12.84 48.46 16 32461 | 10.93 41.29 34 469.17 8.47 47.69 44
Control / 187.40 6.58 57.69 13 342.30 6.94 43.55 18 /509.12 5.78 52.05 24
Hybrid /18352 6.37 56.15 16 /34481 6.33 43.87 35 \/ 506.19 5.85 5154 a4
(20,20) | Queueing \/167.41 6.45 48.46 32 \/ 363.47 5.85 44.19 67 / 495.98 5.58 48.97 72
Control 195.16 5.98 56.92 30 365.74 6.19 43.87 19 52273 5.27 51.79 29
Hybrid / 190.06 4.92 55.38 32 / 361.90 5.33 43.23 77 +/ 496.91 5.20 48.97 72
IBM 9551 | 38.85 30.77 25 17857 | 34.73 2419 49 261.78 | 38.06 28.21 69
(20,10) | Queueing \/ 169.72 6.10 49.23 32 +/ 367.39 4.84 4452 67 498.02 7.03 49.23 72
Control 194.42 6.48 56.92 31 363.71 6.02 4355 16 520.78 5.67 5154 30
Hybrid / 187.96 5.25 54.62 32 \/ 36347 5.61 4355 77 /49873 5.33 49.23 72
(20, 5) Queueing 164.03 | 24.48 46.92 32 344,15 | 18.77 41.61 67 47223 | 13.64 46.41 2
Control 197.08 7.31 57.69 32 366.94 6.58 43.87 18 518.05 5.88 51.28 29
Hybrid 184.57 6.13 53.85 32 363.69 6.05 4355 77 495.24 6.08 48.97 72
(10,10) | Queueing 182.61 7.79 48.46 59 400.81 | 11.18 45.16 123 \/ 561.79 447 50.00 179
Control +/ 206.58 6.34 56.15 57 v/ 412,16 5.86 4323 30 \/ 576.74 5.82 5154 418
Hybrid 198.03 5.49 53.85 59 412.72 6.47 43.23 172 548.96 5.89 48.72 179
IBM 83.03 | 46.20 26.92 36 155.88 | 44.98 20.97 70 22784 | 65.32 24.36 101
(10,5) | Queueing 177.44 | 26.46 46.92 59 37223 | 1387 41.29 123 525.46 | 15.81 46.15 179
Control 204.23 6.86 55.38 45 v/ 413.46 6.26 4355 22 \/ 566.30 5.43 50.51 37
Hybrid 199.66 6.89 53.85 59 v/ 419.60 6.14 4419 172 \/ 551.71 5.69 4897 179

Table 4: Comparing the Schemes for the three workloads.

6.2.2 Comparison with IBM method

The most closely related power management mechanism from
IBM [15] uses arather simple feedback control mechanism to de-
termine the frequency and number of servers for the next inter-
val given those of the current interval and the observed utiliza-
tion/response time, and these two mechanisms are integrated (i.e.
T = t). Itisapurely feedback mechanism and does not use any
prediction, and it is not intended to manage server allocation across
applications. In the interest of fairness, we should mainly com-
pare results for WL1 (the single application workload in Table 4),
and even there we see that while their method gives better energy
savings (around 70%), it is not “viable” (i.e. the response times
are never meeting the required SLA). Since their method treats re-
sponse time on a best effort basis, rather than a constraint to obey,
energy optimization takes center-stage, leading to much worse re-
sponse times. As mentioned earlier, the SLA isusually much more
important (the revenue earner) to the hosting center. Our schemes
are able to meet the SLA in many cases, while still providing rea
sonable energy savings (around 50%).

6.2.3 Comparing our schemes

Table 4 can be used to compare our three strategies for the three
workloads. We mainly focus on the “viable” executions, i.e. those
where the average response time isless than 6.6 ms.

As described earlier, the pro-active Queuing approach uses pre-
dictions to anticipate workload behavior and steady-state analysis,
both of which need larger time granularities for better accuracy. At
these larger granularities, the Control theoretic approach does not
have any prediction information to optimize for the next interval,
using feedback from the last interval that is again coarse-grained.
Consequently, we see that the Queuing approach does much bet-
ter than the reactive Control scheme at large (7',t) granularities.

Only the costswith a“+/” next to them are “viable".

For example, at (60,60), Queuing is around 10% better in cost than
Control for WL1.

To understand the execution characteristics of these experiments
at large (7, t), we give an example execution of Application 3 in
WL3in terms of the number of servers provisioned (m;), their fre-
quency (f;) and the corresponding response time (1¥;) over time
in Figure 5 (b). If we examine the response time behavior of Con-
trol (60,60), we see that there is a spike at hour 7. Thisis because
there was aload burst in this hour, which the mechanism could not
detect at the end of hour 6 (because there is only feedback). On
the other hand, Queuing has advance knowledge of the workload
for the next hour, and is able to make better judgments on server
allocation. This also reflects on the corresponding frequency that is
being set, resulting in the lower cost for Queuing.

When we move to the other extreme of small time granularities
(say (10,5)), we see that the inaccuracies of the Queuing strategy
significantly impact its viability, and this option does not meet the
SLA in any of the 3 workloads. However, by getting very frequent
feedback from the system, the reactive Control scheme is able to
perform abetter job of server alocation and frequency modulation
to lower the costs.

The result of inaccuracies of Queuing at small (7', t) is obvious
in Figure 5 (&), which shows the time varying behavior for Appli-
cation 2 in WL3. The Queuing scheme appears to under-estimate
therequired capacity, thus turning down more servers than Control.
This resultsin a higher response time.

The hybrid scheme that is intended to benefit from the merits
of these two schemes, does give a cost between these two at ei-
ther extremes of time granularities. When we look at the large T
and short ¢ ranges (e.g. (60,5)), hybrid benefits from the pro-active
mechanism for server alocation from the queuing strategy (it uses
the same number of servers as Queuing), and the reactive feedback
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from the underlying system to set frequencies based on short term
variations to meet the response time SLA.
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Figure5: Time Varying Behavior for Appln. 2 and Appin. 3in
WL3

6.3 Varyingthe Parameters

One would be interested in finding out how these schemes scale
as we move to a larger environment with a lot more servers that
host more applications. We have conducted an experiment with
M = 285 serversrunning N = 30 applications. Sinceitisdifficult
to procure so many different traces, we take the three traces used
earlier and replicate them by using randomized phase differences
to synthetically generate workloads. Results for this workload are
givenin Table 5 for representative (7', t) granularities, viz., (60,60),
(60,5) and (10,5). As before, the Queuing approach is more vi-
able at the larger time granularity, and the inaccuracies cause a sig-
nificant degradation in response times at the finer granularity. In
fact, these inaccuracies at fine granularities result in poor choice of
server alocationin Hybrid at (10, 5). However, at the (60, 5) granu-
larity, Hybrid is again able to benefit from the pro-active prediction
of Queuing for server allocation, and the feedback of Control for
frequency modulation, giving the lowest response times.

Note that by modulating parameters of our system model we can
target our optimizations at a wide spectrum of systems, operating
conditions and cost functions. For instance, setting 7" to oo implies
conducting server provisioning once (i.e. a static configuration of
the number of servers), and then managing power only with DVS.
Similarly, setting ¢ to oo impliesthat only server turn off/on is em-

(T Schemes Cost RT | #reboots
(cents) | (m9g)

(60, 60) | Queueing | /2625.2 55 275
Control 2618.7 6.4 215

Hybrid 2619.7 5.6 275

(60, 5) Queueing 2465.1 | 354 275
Control \/2579.6 6.5 213

Hybrid \/ 2612.3 54 275

(10, 5) Queueing 24355 | 734 342
Control 2628.7 72 323

Hybrid 24984 | 30.8 342

Table 5: Results for Workload with 30 applications and 285
servers

ployed for power management. We have also conducted experi-
ments varying the dollar (B,) and time (T.cb00t) Of reboots (B,),
and the time for application migration (Tnigrate). The reader is
referred to [13] for these results.

Further, we can ignore the current objective function, set 7 =
fmaz, @nd find the minimum number of servers needed to meet
W; SLA for each application at any time. This is the traditional
dynamic server provisioning problem without considering energy
consumption. We have conducted such an experiment for WL3,
and we find that the number of servers that are needed in al is 29
where the m; keeps changing over time (at 60 minute granularity
using Queuing). Thisislower than 11 + 11 4+ 11 = 33 servers
that would be needed if each of the applications wereto be runin
isolation, i.e. the server farmis partitioned between the applications
to ensure SLA for each. This is because the peak demands across
applications are not necessarily coming at the same time. Note that
we are able to optimize energy by considering server provisioning
and DV S simultaneously. On the other hand, schemes such as[15],
rely on ahigher level provisioning mechanism after which they can
perform their energy optimizations.

7. CONCLUDING REMARKS

This paper has presented the first formalism to the problem of re-
ducing server energy consumption at hosting centers running mul-
tiple applications towards the goal of meeting performance based
SLAs to client requests. Though prior studies have shown en-
ergy savings for server clusters by server turn-offs and DV'S, these
savings come at a rather expensive cost in terms of violating the
performance-based SLAs (which are extremely important to main-
tain the revenue stream). Further, previous proposal's have not con-
sidered the cost of server turn-offs, not just in terms of time over-
heads, but aso in the wear-and-tear of components over an ex-
tended period of time.

Our solution strategies couple (i) server provisioning for differ-
ent applications, and (ii) DV'S towards enhancing power savings,
while still allowing different mechanisms for achieving these two
actions, unlike any prior work. We have presented three new so-
lution strategies to this problem. The first is a pro-activesolution
(Queuing) that predicts workload behavior for the near future, and
uses this information to conduct non-linear optimization based on
steady state queuing analysis. The second is a reactive solution
(Control), which uses periodic feedback of system execution in a
control-theoretic framework to achieve the goals. While Queuing
can be a better alternative than Control when the workload behav-
ior for the near future is different from the recent past, the steady
state assumptions may not hold over shorter granularities. Feed-
back Control is preferable at these shorter time granularities, but
the information obtained at the last monitoring period may not be
very recent at larger time granularities. The Hybrid strategy, on the
other hand, can use the predictive information of Queuing at coarse



time granularitiesfor server provisioning, and the feedback of Con-
trol at short granularities for DVS. This Hybrid scheme is also well
suited for amore practical setting where one would like to perform
server provisioning less frequently (due to the high time overhead
of bringing up servers or migrating applications), and perform DVS
control more frequently. We have demonstrated these ideas using
real web server traces, showing how our generic framework can
capture a wide spectrum of system configurations, workload be-
havior, and the targets for optimization. Finally, we would like to
mention that an implementation of the proposed schemes strategy
is not time-consuming. For instance, in the 285 servers running 30
applications experiment, each server allocation invocation for Hy-
brid (which is done once in 60 minutes) takes around 30 seconds,
and the frequency calculations (done once in 5 minutes) take less
than a second, and these would not even need to run on the actual
server nodes. By doing this control, we are saving on the aver-
age around $35 per day in electricity for the 285 server system. If
we consider a more realistic hosting center with 10 times as many
servers, this can work out to a savings of over $125K per year.

We are currently prototyping this framework on a server cluster.
We are also refining our solution strategies further, and evaluating
them with a wider-spectrum of workloads.
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