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Abstract—The expense of power cost in server farms has
driven the recent power-aware development in both industry
and academia. At the same time, a Service Level Agreement
(SLA) of service performance between a customer and a service
provider is demanded to meet the customer satisfaction. This
paper investigates the queueing-theoretical power-saving design
strategy for server farms under a given SLA, which in particular
is measured in a certain level percentile of the job responsetime.
We consider server farms with servers that are equipped with
the capabilities of Dynamic Voltage Scaling (DVFS) and Dynamic
Power Management (DPM). We adopt an M/G/1/PS server
model, where the job service time distribution is assumed heavy-
tailed, as discovered and validated by previous research. We
propose a design strategy calledPowerTailto minimize the power
consumption under the given SLA. Our data confirms that the
proposedPowerTailstrategy indeed provides statistical guarantee
in comparison with existing dynamic DVFS approaches and
significantly outperforms the intuitive load-balancing strategy.

I. I NTRODUCTION

Power has become an essential problem for computing
systems. The advanced hardware technology has improved the
performance per dollar spent on hardware, but the performance
per watt remains roughly flat over time [1]. It is reported that
the electricity cost of server clusters will exceed the hardware
cost and become a very significant portion of the total cost of
ownership for the maintenance of servers. Moreover, given
the large number of servers in use today, the worldwide
expenditure on enterprise power and cooling of these servers
is estimated to surpass $30 billion [2].

From the customer side, Quality of Service (QoS) provided
by server providers is one of the key factors to customer’s
satisfaction. A QoS guarantee is normally contracted with a
Service Level Agreement (SLA) between a customer and a
service provider. For performance-oriented SLAs, a common
approach is to use mean value or plus variance of the response
time. If the goal is set for some companies like Amazon.com
to satisfy as many customers as possible rather than just the
majority, a SLA with mean (even with variance) guarantee
however does not yield to good user experiences. Amazon
[3] proposes to express and measure SLAs at the99.9th
percentile of the distribution. The choice for99.9% over an

even higher percentile has been made based on a cost-benefit
analysis which demonstrated a significant increase in cost to
improve performance that much. Experiences with Amazon’s
production systems have shown that this approach provides a
better overall experience compared to those systems that meet
SLAs defined based on the mean. This motivates this research
to study SLA with certain levelpercentile guarantees. To meet
the performance constraint, the system has to guarantee that
some percentile of arriving jobs are processed under a certain
response time threshold.

To reduce the power consumption while maintaining a
given SLA, power-aware and energy-efficient designs have
been extensively explored in the literature. Operating with
lower power consumption instead of the maximum power
consumption indeed helps, but it has been shown that the
electricity cost still remains significant [4]. We would like to
keep performance boosting to ensure the customer satisfaction,
while the power/energy consumption should also be reduced
to minimize the total maintenance cost. There is a trade-offbe-
tween the power consumption and the performance. Dynamic
Voltage/Frequency Scaling (DVFS) has been widely adopted
to study this trade-off. Specifically, for web servers, DVFSwas
applied to reduce the energy consumption with the minimal
performance impact in [5], [6]. In [7], a queueing theoretic
model was used to predict the optimal power allocation in a
variety of scenarios with DVFS. An optimal speed scaling was
investigated in [8] to balance the mean energy consumption
and mean response time under PS scheduling.

Unfortunately, as shown in [9]–[11], depending on the
architecture, the static power consumption when a server is
idle could be still significant, up to60% of the peak power
consumption. Furthermore, if the power dissipation of power
delivery and cooling sub-systems is also counted, the idle
power consumption could increase by up to 50∼100% [12].
Even though a server might sometimes be fully utilized,
average server utilization is only 20∼30% in typical data
centers [5], [9], [13]. Therefore, one can also apply Dynamic
Power Management (DPM) to turn the server to a sleep mode
for reducing the energy consumption. There are two different
strategies in applying DPM: transient or long term. With the
transient strategy, a server will be put into sleep for a short



period of time during idle time, such as thePowerNapin [13]
and thePowerSleepin our previous work [14]. An effective
DPM scheme should consider when to wake the dormant
server up and when to turn the server to the sleep mode. In
[14], DVFS and DPM were considered jointly to decide which
frequency to execute requests at and when to put the server
into sleep mode. With the long-term strategy, the server will be
deactivated into a deep sleep for a long period of time, such as
the server consolidation approach [15], where multiple servers
will run on one machine through virtual machine technology.

In most of the work in the literature, the SLAs are expressed
with either the mean value of the response time in server
systems [13], [14] or the hard deadline guarantee in real-
time systems [16], [17]. Modeling servers as hard real-time
systems can guarantee the worst-case response time, but it is
usually too pessimistic. To meet the percentile guarantee,the
approaches in the literature to meet the mean response time
constraint cannot be applied.

Closely related to this paper, Bertini et al. [18] use deadline
missing probability as the performance metrics in web server
clusters and propose an online feedback control scheme to
control the QoS. Specifically, their scheme first records the
probability distribution for deadline misses from the run-time
observation, and then, based on the heavy-tail response time
characteristics, they decide a suitable speed of the server
to maintain thestability of the response time guarantees.
Therefore, even when the workload distribution is known, the
study in [18] does not have any statistic guarantee. Moreover,
Rusu et al. [] also study the power management problem in
servers by modeling the system as a soft real-time system.
The results in [19] construct a workload table to guide the
system which servers should be activated to reduce the energy
consumption. Then, the local DVFS is applied to further
reduce the energy consumption in [19]. However, the speed
selection in [19] is based on the average execution time, and,
hence, also has no statistic guarantees.

Different from [18], [19], in this paper, we investigate
queueing-theoretical power-saving design strategies forserver
farms under a given SLA that is measured in a certain level
percentile of the job response time. This is more appealing as
we discussed above. We make the following contributions in
this paper:

• To the best of our knowledge, there is no previous work
on this topic to minimize the expected power consump-
tion while providing the percentile guarantee. We propose
PowerTail design strategy, which applies DPM to acti-
vate/deactivate servers and DVFS to choose the execution
speed for activated servers. We adopt an M/G/1/PS server
model together with heavy-tailed job service time distri-
bution. As M/G/1/PS model is used, we will implicitly
assume single-core systems for the rest of this paper. With
this design, we are able to minimize the overall power
consumption of a server farm under the given SLA.

• To show the effectiveness, we consider the load-balancing
strategy as the baseline scheme. We evaluate bothPowerTail

and this baseline scheme on real HTTP trace. Our results
show thatPowerTailsignificantly outperforms the baseline
scheme.

• PowerTailis easy to be implemented in server farms due to
its simplicity.

The rest of this paper is organized as follows: Section II
describes the system model. In Section III, we present a
detailed analysis of power consumption and response time.
The PowerTail design strategy is introduced in Section IV.
The optimal parameters required inPowerTail are derived
in Section V. Section VI presents performance evaluation.
Finally, we conclude the paper in Section VII.

II. SYSTEM MODEL

We consider a server farm, which includesn homogeneous
servers, as shown in Figure 1. The front end monitors the
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Fig. 1. A server farm.

requests from the clients and analyzes the request arrival
rate for the next control period. Then, the dispatcher at the
front end will distribute the job requests in the front-end
queue to the back-end queue at servers according to a load
allocation policy. However, we could assume a Poisson arrival
[7], [8], [20], [21] of job requests at the front-end queue of
the system with an arrival rateλF during a control period.
To exploit the mechanism to activate and deactivate back-
end servers dynamically, the control period is assumed to be
sufficiently long to pay off the energy and timing overhead of
the activation and deactivation of servers.

In this work, we need to determine the load allocation
policy to minimize the overall mean power consumption
under the given SLA. We also assume all jobs in each
back-end queue are served with Process Sharing (PS)1

job scheduling algorithm. Specifically, for Linux, the system
call schedsetscheduler can be adopted to select the desired
scheduling policy, including FCFS, Round-Robin (an approx-
imation of PS), and Linux time-sharing scheduling. Once a
server finishes serving a job, it will send a feedback to the
corresponding client.

We assume that the system is equipped with DVFS and
DPM for power management. A subset of servers will be
activated by the DPM. We denotena as the number of the
activated servers. For an activated server, with the DVFS we

1Our methodology can be applied to other job scheduling algorithms such
as First-Come-First-Served (FCFS) as well.



can choose an execution speed (with a corresponding choice
of the supply voltage) to serve jobs. We definer as the ratio
of its execution speed to its maximum speed. The speed ratio
r is bounded by a lower boundrl. Then we haverl ≤ r ≤ 1.
When a server is activated, it is either (i) in therunning mode
executing jobs whenever its back-end queue is not empty,
or (ii) in the idle mode at the lowest speed ratiorl without
executing any job whenever its back-end queue is empty.

In the literature of server performance, it has been shown
by different research studies that M/G/1/PS server model can
model the modern web servers well [7], [8], [20], [21]. In this
paper, we adopt an M/G/1/PS server model for an activated
server. We assume that the requests to each activated server
still follow a Poisson arrival with an arrival rateλ, which is
determined by the load allocation policy. We assume that jobs
follow a generalized service time distribution with a given
mean valueE[S] when executing at the maximum speed. We
denoteµ as the service rate of a single server. Then the mean
job service time under the maximum speed isE[S] = 1

µ
. If the

server runs at a speed ratior in the running mode, we have
E[S] = 1

rµ
. We denoteρ as the (absolute) server utilization

with respect to the maximum speed, i.e.,

ρ =
λ

µ
. (1)

Then the relative server utilization with respect to the speed
ratio r can be written asλE[S] = ρ

r
.

In this work, we aim to choose a certain-level percentile of
the response time as the SLA instead of the mean. Therefore
we need more information on the job size in addition to the
mean service timeE[S]. It has been widely recognized that
heavy-tailed distributions are suitable for modeling job sizes in
information service networks [22]–[25]. In particular, in[25],
it has been shown that web file sizes and HTTP request times
follow heavy-tailed distributions. Therefore we adopt heavy-
tailed distribution for the job service time. In particular, we
choose the Pareto distribution.2 By the definition of Pareto
distribution [26], we assume that the job service timeS is
lower-bounded bŷx when the server runs at the maximum
speed, and the tail ofS is

P{S ≥ x} = [
x

x̂
]−ν (2)

as x ≥ x̂, whereν > 1. If the job service time is less than
x̂, the tail is 1. With the heavy-tailed distribution, we will
more likely have a longer job service time than the light-tailed.
From (2), we can obtain the mean value asE[S] = ν

ν−1 x̂.
Therefore, we have the following equality:1

µ
= ν

ν−1 x̂. Hence
µ is uniquely determined bŷx. When the server runs at the
speed ratior, the tail ofS should be re-written as

P{S ≥ x} = [
rx

x̂
]−ν (3)

asrx ≥ x̂.
The power consumption in our study is the system-level

2Our methodology can work for other specific heavy-tailed distributions
too.

power, including the power consumed by the processor and
all other components within the server. When the server is
deactivated by the DPM, its power consumption is negligible.
For an activated server equipped with DVFS, its power con-
sumption depends on the mode the server is in (running or
idle), and also the execution speed in use. In this paper, we
adopt the model in [7]. The activated server has the following
power modes:

• Idle power mode: In the idle mode, the server consumes the
static powerPI ;

• Running power mode: In the running mode, the power
consumptionPR(r) by the server at a speed ratior is

PR(r) = α[r − rl]
γ + PI , (4)

whereγ ≥ 1. The cubic rule is widely suggested in the
literature for the processor power-to-speed relationshipin
the running mode, i.e.,γ = 3. However, in server farms
with DVFS or for some applications, the linear rule could
be applied.

A design strategy should address how many servers should be
activated by the DPM and what speed ratio should be chosen
by the DVFS for each activated servers. Note that, we assume
that the control period is sufficiently long to compensate the
energy consumption of the activation and deactivation energy
overhead of servers. The timing overhead to activate and
deactivate a server is assumed to be hidden in the control
period. That is, if the front end requires to change the system
configuration at timet, the activation request of a server should
be issued att−δ, in which δ is the upper bound of the timing
overhead to activate a server.

III. POWER CONSUMPTION AND RESPONSETIME

ANALYSIS FOR AN ACTIVATED SERVER

Recall that our objective is to minimize the power consump-
tion under the given response time SLA. First we conduct
the analysis of power consumption and response time for an
activated server based on the system model in Section II.

A. Power Consumption

We consider an activated server that will switch in two
power modes alternatively: running and idle. We defineπR

and πI as the probabilities that the server is in running and
idle mode respectively, whereπR + πI = 1, then its mean
power consumption can be written as:

E[P ] = PR(r)πR + PIπI . (5)

According to (5), in order to calculate the mean power, we
need to obtain the value ofπR. For an M/G/1/PS server with
a speed ratior at the running state, an arrival rateλ, and
a mean service timeE[S] = 1

µ
, by the traditional queueing

theory [27] we have

πR = λE[S] =
ρ

r
, (6)



where ρ is the absolute server utilization defined in (1).
Applying (4) and (6) into (5), we have the following theorem
regarding the power consumption:

Theorem 1: In an M/G/1 server with an absolute server
utilization ρ and a speed ratior at the running state, its mean
power consumption is

E[P ] = α[r − rl]
γ ρ

r
+ PI . (7)

E[P ] defined in (7) is an increasing function ofr asrl ≤ r ≤ 1
and ofρ too.

B. Response Time Analysis

The response time (also called the sojourn time) is defined
as the total time spent by a job in waiting in the queue and
executing on the server. For an M/G/1/PS server with heavy-
tailed service time distribution, we have the following result
for the tail of the response time [28]:

Lemma 1: In an M/G/1/PS server running at the maximum
speed at the running state where the job service timeS is heavy
tailed, the tail of the response timeR can be asymptotically
approximated as

P{R ≥ R̂} ∼ P{S ≥ [1− ρ]R̂} (8)

as R̂ → ∞.
Lemma 1 shows that the response time is also heavy-tailed if
the service time is heavy-tailed. With this lemma, given the
tail of the service time, we are able to obtain the tail of the
response time for a relatively large response time threshold R̂.

When the server runs at the speed ratior and the heavy-
tailed distribution of the service timeS is defined as (3), then
we apply (3) into Lemma 1, and obtain the tail of the response
time as shown in the following theorem:

Theorem 2: In an M/G/1 server with a speed ratior at the
running state and the heavy-tailed distribution of the service
time S is defined as (3), the tail of the response time can be
asymptotically approximated as

P{R ≥ R̂} ∼ P{S ≥ [1−
ρ

r
]R̂} = [

x̂

R̂
]ν [r − ρ]−ν (9)

as R̂ → ∞.
In this work, we aim to minimize the overall mean power

consumption of the server farm under a given response time
SLA. The SLA is normally expressed and measured at a
low bound of a certain level percentile (for example,99.9-th
percentile) of the distribution of the response time. We could
also express the SLA in terms of the upper bound of its tail
(for example,1− 0.999 = 0.001 tail for 99.9th percentile). If
we denoteǫ as the upper bound, the SLA can be expressed as

P{R ≥ R̂} ≤ ǫ, (10)

where the value of̂R is usually relatively large in comparison
to the mean valueE[S], and ǫ is relatively small. The SLA
defined in (10) is contracted between the customer and the ser-
vice provider. Applying (9) in (10), we have[ x̂

R̂
]ν [r−ρ]−ν ≤ ǫ.

By denoting

η
def
=

x̂

R̂
ǫ−

1

ν , (11)

The above equation can be re-written as

r ≥ ρ+ η. (12)

(12) becomes the simplified version of the SLA constraint (10).
The analysis of power consumption and response time in

this section establishes the foundations for our design in the
next section.

IV. PowerTail: POWER-SAVING DESIGN WITH RESPONSE

TIME PERCENTILE GUARANTEES

In this section, we will present our design strategy, called
PowerTail. In order to achieve a good design, we introduce a
new term, calledmean energy consumption per job. It can be
expressed mathematically as

Q(λ, r) =
E[P ]

λ
. (13)

In (13),E[P ] is the mean power consumption for a server, and
λ is the job arrival rate at the server. Therefore,E[P ]

λ
is the

mean energy consumed by a job.
Our strategy to achieve a good design is to minimizeQ,

the energy consumption per job, under a given SLA. The
optimization problem can easily be formulated as follows:

minimizeQ(λ, r) (14a)

subject toP{R ≥ R̂} ≤ ǫ, (14b)

max{rl, ρ} ≤ r ≤ 1. (14c)

Inequality (14c) is based on the low bound ofr (rl ≤ r ≤ 1)
and the stability condition of a server (r > ρ).

We define the optimal solution(λc, rc) obtained from (14)
as thecritical arrival rate and thecritical speed ratio, i.e.,

(λc, rc) = argmin
(λ,r)

{Q(λ, r) in (14)}. (15)

With the above critical arrival rate and critical speed ratio, we
propose our design strategyPowerTail, which is described as
follows.

PowerTail:If λF is divisible byλc obtained in (15) and
na ≤ n, wherena = λF

λc
, we activatena servers and

evenly distribute the load into thesena servers. Each
activated server is allocated with the exact critical arrival
rateλc and runs at the running state with the exact critical
speed ratiorc obtained in (15).

The following theorem shows thatPowerTail is an optimal
design:

Theorem 3: PowerTail minimizes the overall mean power
consumption of the server farm under the given SLA defined
in (10).

Proof: With PowerTail, the overall job requests at the
front-end queue is evenly distributed tona activated homo-
geneous servers. Each activated server is allocated with the
critical job arrival rateλc and configured with the critical speed



ratio rc. The restn−na servers are deactivated and consume
negligible power. Then the overall mean power consumption
of the server farm is

naE[P ] =
λF

λc

E[P ] = λF

E[P ]

λc

= λFQ(λc, rc). (16)

SinceQ(λc, rc) in (16) is minimized, then the overall mean
power consumptionnaE[P ] is also minimized.
Theorem 3 shows that minimizing the overall mean power
consumption is equivalent to minimizing the mean energy
consumption per job.

In Theorem 3, notice that we have assumed thatλF is
divisible by λc andna ≤ n holds. If λF is not divisible by
λc and na < n, wherena = ⌊λF

λc
⌋, the PowerTail should

be revised as follows:3 We still allocate the critical arrival
rate λc into na homogeneous servers and apply the critical
speed ratiorc to them, and allocate the residue arrival rate
λF−naλc into an additional server and apply the critical speed
ratio rc. In this case ofPowerTail, although the additional
server does not achieve the optimal power consumption, we
still preferPowerTailover an optimal design strategy because
of the following three reasons:

1) The difference between the resulting overall mean power
consumption withPowerTailand the optimal overall mean
power consumption is negligible whenna is relatively large
(tens to hundreds or above of activated servers);

2) The method used inPowerTail– minimizing mean energy
consumption per job – is very elegant. Instead of solving
the optimization for the whole server farm, we only focus
on a single server;

3) PowerTailis much easier to implement than the optimal de-
sign strategy. As the arrival rateλF at the front end changes,
we only need to activate or deactivate more servers without
changing the running speed ratio of activated servers as long
as we have enough available servers.4 However, with the
optimal design strategy, for any change ofλF , we need to
re-solve the optimization problem and obtain a new arrival
rate and a new speed ratio for each activated server, and
then re-configure these parameters in the system.

The key inPowerTaildesign is to obtain the critical arrival
rateλc and the critical speed ratiorc defined in (14), which
is the focus of the next section.

V. OBTAINING CRITICAL UTILIZATION AND CRITICAL

SPEEDRATIO IN PowerTail

We observe that the mean energy consumption per job is
focused on a single server and the utilizationρ in a single
server is easier to picture than the arrival rateλ, such as the
boundaries ofρ. In the following, we replaceλ with ρµ based

3If λF > nλc, it means that the servers are not enough to achieve the
optimal configuration withPowerTail. In this case, load balancing with even
job allocation to all servers is the optimal configuration, i.e., we chooseλF

n

as the arrival rate for each server. We can easily obtain an optimal speed ratio
for each server.

4The power-law characteristics of the job service time does not change dra-
matically on servers. Otherwise, we need to reconfigure all these parameters.

on (1) and alsoQ(λ, r) with Q(ρ, r). We introduce the critical
utilization ρc to replace the critical arrival rateλc.

Based on the power consumption in (7) and the simplified
SLA constraint (12), the optimization problem (14) can be
re-written as

minimizeQ(ρ, r) =
1

µ
[
α[r − rl]

γ

r
+

PI

ρ
] (17a)

subject tomax{rl, ρ+ η} ≤ r ≤ 1. (17b)

The detailed discussion of deriving optimalQ(ρ, r) in the
above optimization problem can be found in Appendix A.

A. Main Result

The following theorems summarize the main results of the
critical utilization ρc and its corresponding speed ratiorc for
both γ = 1 andγ > 1:

Theorem 4 (linear-power servers): The critical utilization
ρ = ρc and the critical speed ratiorc for linear-power servers
(γ = 1) are obtained as

(ρc, rc) =















(ρm,max{rl, η}), if 0 < ξ < rl

(ρ∗,max{rl, ξ}), if rl ≤ ξ < 1

(ρr, 1), if ξ ≥ 1 ∨ ξ ≤ 0

(18)

whereρm andρr are defined in (30) and (27) respectively,ξ
andρ∗ are defined respectively as5

ξ
def
=

η

1− [ PI

αrl
]
1

2

, andρ∗
def
= ξ − η. (19)

Theorem 5 (Nonlinear-power servers): The critical utiliza-
tion ρ = ρc and the critical speed ratiorc for nonlinear-power
servers (γ > 1) are obtained as

(ρc, rc) =

{

(ρ∗,max{rl, ρ
∗ + η}), if χ > 0

(ρr, 1), if χ ≤ 0
(20)

whereχ andρ∗ are defined respectively as

χ
def
= H(ρr) = α[ρr − ρm]γ−1[γ − 1 + rl]−

PI

ρ2r
, (21)

ρ∗
def
= {ρ : H(ρ) = 0}, (22)

andH(ρ) is defined in (34).
The proofs of Theorems 4 and 5 can be found in Appendices B
and C respectively.

By Theorems 4 and 5, we observe that the critical utilization
ρc and the critical speed ratiorc can be achieved at either the
boundaries or insider the feasible region. The key difference
between the linear servers and nonlinear servers is thatρc and
rc will never fall at the left boundary for the latter case.

Also, ǫ or R̂ can not be any positive value. By (11) with
ǫ ≤ 1, a feasibleη should satisfy:x̂

R̂
≤ η ≤ 1. And a feasible

ǫ should satisfy:ǫ ≥ ( x̂

R̂
)ν . We will demonstrate the feasible

region in the evaluation section.

5If the denominator ofξ in (19) is zero, we assumeξ = +∞ and include
it in the case ofξ > 1.



B. Remarks

Note that the control period is assumed sufficiently long
to compensate the energy consumption of the activation and
deactivation energy overhead of servers. If the control period
of the front end for estimating the arrival rate is long, to
compensate the bursty request arrivals, which is unpredicted,
we need to spare some idle servers to handle this issue. In
PowerTail, the strategy is to spare one back-end server, which
can be used to accommodate the unpredicted requests. The
strategy can be easily extended to allow the designers to spare
more servers. However, the more spare servers are used for
accommodating bursty requests, the more additional energy
the system consumes.

Moreover, for systems that allow only discrete speeds, the
easiest extension is to run at the closest speed that is higher
than the desired speed. Such approaches have been adopted in
many papers in the literature, e.g., [19]. Another alternative is
to allow the possibility to use two speeds (the closest speeds
higher and lower than the desired speed) with linear combi-
nation to achieve the desired speed, e.g., similar to [29]. The
former can still maintain the statistic guarantee, but consumes
more energy. The latter has less energy consumption, but
requires high scheduling overhead.

Even though we focus in our study by far on the PS job
scheduling policy, the proposed methodology still works for
other scheduling policies. We observe that in the analysis
for PowerTail, the power consumption analysis is based on
M/G/1 queueing model and is independent of the underlying
scheduling policy. This will not hold for the response time
analysis. We need to make some corresponding changes. For
instance, for FCFS scheduling policy, it has been shown [30]
that the tail of the response time is regularly varying of index
1 − ν iff the service time is regularly varying of index−ν
as shown in (2). The tail probability of the response time in
the server running at the maximum speed can be written as
P{R ≥ R̂} ∼ ρ

1−ρ
µx̂
ν−1 R̂

1−ν as R̂ → ∞. If the server runs at
the speed ratior, then we have

P{R ≥ R̂} ∼
ρ

r − ρ

µx̂

ν − 1
[rR̂]

1−ν
. (23)

as R̂ → ∞.
In the evaluation, we will consider an intuitive baseline

design strategy, calledPowerEven. With PowerEven, the load
is evenly allocated to all servers. Therefore, the arrival rate at
each server isλF

n
. The absolute utilization for each server is

ρPB =
λ

µ
=

λF

nµ
. (24)

We need to determine the speed ratior to minimize the mean
power consumption under the given SLA. The optimization
problem can be formulated as

minimizeE[P ] = α[r − rl]
γ ρPB

r
+ PI (25a)

subject tomax{rl, ρPB + η} ≤ r ≤ 1. (25b)

SinceE[P ] is an increasing function ofr, the minimum power

TABLE I
SERVER PROFILES.

γ rl α (Watt) PI Watt

Type-A server 1 0.4 100 180
Type-B server 1.2137 0.5161 12.3977 36.7040
Type-C server 3 0.4 455 150

TABLE II
M ISS RATES BY VARYINGρ ON SERVER OFTYPE-B.

ρ Miss rate (%) Average Power (Watt)
RUSU YDS PowerTail RUSU YDS PowerTail

0.1 0.75 5.28 0.39 36.81 37.04 37.21
0.2 1.69 11.77 0.59 36.96 37.41 37.72
0.3 3.02 17.82 0.97 37.19 37.79 38.23
0.4 6.88 25.23 1.52 37.52 38.21 38.74
0.5 9.95 35.10 1.93 37.93 38.67 39.25
0.6 13.93 47.00 4.26 38.29 39.19 39.75

consumption will be achieved atrPB = ρPB + η, whereρPB

is defined in (24).

VI. PERFORMANCEEVALUATION

In this section, we present performance evaluation of our
proposedPowerTaildesign. For the job requests from clients,
we consider a real 24-hour HTTP trace of accesses on January
20th, 2011 from IRCache system [31]. The trace is with a
minimum arrival rate5.4 per second and a maximum rate
238.5 per second. We consider the first one-minute trace at
the 12th hour with5074 requests and the arrival rate84.6 per
second. Based on [32], the service time of a job request is
proportional to the size of the requested file on web servers.
We adopt the power-law distribution fitting tool in [33] to
obtain the parametersν and x̂ of Pareto distribution for the
service time. Figures 2(a) and 2(b) show the Poisson arrival
fitting and power-law distribution fitting of the one-minute
trace with ν = 2.2211 and x̂ = 0.00658. Then we obtain
µ = 83.5521. We also verify the heavy-tailed phenomenon
of the job response time for heavy-tailed job service time as
shown in Lemma 8 and we include the result in Appendix D.

We use three types of servers to evaluate the performance
of PowerTail: the one used in our lab (Intel i3 dual core
processor based server with 6GB of RAM equipped with
DVFS capability with option to switch between16 frequencies
between 1.6GHz and 3.1GHz), and the other two from [7]
(IBM BladeCenter with DFS and DVFS+DFS). We measure
the power consumption for the one used in our lab. Based on
the measured power, we obtain the modeled power as shown
in Figure 2(c). The power profiles of all three types of servers
are shown in Table I, where Type-B is the one used in the
previous experiment. We enable hyper-threading for Type-B,
in which the results are very similar to the results when hyper-
threading is disabled.

A. Comparing to Dynamic DVFS Approaches

There have been many results in the literature by apply-
ing DVFS to change the speed dynamically to reduce the
energy consumption under the performance constraints. Such
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Fig. 2. Measurement of the trace and the server power consumption.

approaches have been widely explored in soft and hard real-
time systems. When the earliest deadline first (EDF) policy
[34] is applied, the results by Yao et al. [35] can be used to
schedule jobs in the on-line or off-line fashion to reduce the
energy consumption and meet the hard real-time constraints.
In our model, we consider all the jobs are with a response
time constraint. Therefore, EDF scheduling also implies FCFS
scheduling in our case. Unfortunately, the optimality of the
EDF policy holds when no job misses the deadline. For soft
real-time tasks, when a job with heavy execution time comes,
applying EDF for scheduling may be bad, as the Domino
effect for deadline misses may occur. This leads to significant
percentage of response time violations. Therefore, even when
running at the maximum speed, the response time violation
can be very significant.

By using the PS scheduling, Rusu et al. [19] develop a
local DVFS algorithm for controlling the speeds of execution.
The local DVFS scheduling policy inside a server is set to
U =

∑

i
Ci

Di
, whereCi is the average execution time andDi

is the time remaining (from now) to the deadline (response
time + arrival time) of jobi. The server periodically updates
the valueU and sets the speed the closest higher speed than
U . The speed scaling period suggested in [19] is10 ms to
cover any default Linux kernel.6

We evaluate the above approaches with DVFS and our
approach by selecting a suitable constant speed for ensuring
the percentile response time guarantee for a server with
simulations. The processor uses a process sharing with Round
Robin job scheduling with time slot1 ms. We consider the
traces under different approaches, denoted by RUSU, in Rusu
et al. [19] and the on-line algorithm (OPT) in Yao et al. [35],
denoted by YDS.7 As RUSU and YDS are not well-defined
to deal with response time violations, in our implementations,
YDS algorithm runs at the maximum speed if any job in the
ready queue misses the deadline, whereas RUSU runs at the
maximum speed ifU is less than or equal to0. In PowerTail,
only a constant speed (the closest higher speed if the desired

6We have also evaluated different settings of the speed scaling period. The
miss rates of RUSU also depend on the setting as well. A bad setting (e.g.,
2 seconds) would result in up to 50% deadline misses.

7To run YDS, we provide the actual execution time immediatelywhen a
job arrives, which is needed in YDS. This is beneficial for YDS. We only
consider one server here without applying on/off policies in the server in this
setting.

speed is not provided) is used to run jobs in a server. We
report the experimental results as follows: Table II presents
the simulation results for the Type-B server (by using the
discrete speed settings) by changingρ with a fixed R̂ = 60
ms. Table III presents the simulation results for the Type-C
server for different percentile response time requirements, in
which R̂ changes whenρ = 0.6.

YDS, as it inherits the EDF policy, suffers from the Domino
effect and has poor percentile response time guarantees. As
the server has to speed up to the maximum speed after
subsequent deadline misses in YDS, the system would have
to run at the maximum speed more frequently, and therefore
YDS would consume more energy consumption than the other
two approaches when such cases happen (e.g.,R̂ ≥ 100 ms in
Table III). As shown in the tables, to guarantee the percentile,
the system should choose the speed carefully. Even though
the statistic analysis shows that the server can guarantee 95%
response time when running at the maximum speed, speed
scaling decisions should be taken with care.

The miss rate of RUSU increases when the system becomes
more stringent, i.e., largerρ or lessR̂. The reason is that the
less stringent settings will have more possibility forU ≤ rℓ,
which will be enforced torℓ. Therefore, the chance of running
at too slow speeds becomes less. We have also observed that
RUSU would have higher miss rates whenrℓ is set smaller, in
which the results are omitted due to space limitation. The miss
rates of RUSU observed in the tables can be up to13.93%,
while PowerTailhas miss rates up to4.26%.

In general, the miss rate of thePowerTailapproach satisfies
the percentile requirement. However, asPowerTail does not
perform DVFS dynamically but runs at a constant speed for
the ease of management and analysis, it consumes more power
than RUSU, as shown in both tables.

B. Comparing to Load Balancing Design

We also comparePowerTailwith a baseline design strategy
PowerEven, which applies the load balancing allocation policy.
We use the same job profile of the one-minute except that the
job size is scaled in each type of server withµ = 83.5521 per
second at the maximum speed. For fair comparison, we need
to decide the number of required servers for a peak demand:
We consider a worst-case arrival rate500 per second, and
fix x̂ = 0.00658 sec, x̂

R̂
= 0.02, and ǫ = 0.001, then the



TABLE III
M ISS RATES BY VARYINGR̂ ON SERVER OFTYPE-C.

R̂ Miss rate (%) Average Power (Watt)
(ms) RUSU YDS PowerTail RUSU YDS PowerTail

50 9.46 27.69 1.83 170.58 181.12 191.48
60 12.34 35.08 1.93 175.45 187.61 198.59
80 10.92 41.27 2.50 172.19 193.04 196.31

100 7.80 43.95 1.58 176.17 195.43 191.32
200 2.62 49.11 0.65 173.56 200.19 182.74
400 1.22 50.47 0.24 172.70 202.51 178.13
600 0.85 50.43 0.22 173.55 203.22 176.60

1000 0.63 49.35 0.22 172.18 203.55 175.44

minimum number of required servers underPowerTailfor all
three types of servers is11.8 We assume that bothPowerTail
andPowerEvenuse11 servers.

There are three parameters to evaluate the performance of
PowerTail: the arrival rateλF at the front-end queue, the tail
upper-boundǫ, and the ratio of the minimum response time to
the guaranteed maximum response timex̂

R̂
. Both ǫ and x̂

R̂
will

determine the value ofη defined in (11). In the following, we
will fix two of these parameters and vary the other. Based on
these settings, we comparePowerTailwith PowerEven.

1) Varying x̂

R̂
: In this case, we assume the arrival rateλF =

84.6 per second. We chooseǫ = 0.001. Based on the feasible
region of x̂

R̂
, given the value ofǫ, x̂

R̂
is upper-bounded by

ǫ
1

ν = 0.0446 and it could not reach the upper bound. In our
evaluation, we fix̂x = 0.00658 sec and varyx̂

R̂
from 0.00001

to 0.04. We obtain the mean power consumption of the server
farm with PowerTailandPowerEvenunder all three types of
servers. The result is shown in Figure 3. The corresponding
critical speed ratio and the critical utilization withPowerTail
are shown in Figure 4.

In Figure 3, we observe thatE[P ] increases with respect
to x̂

R̂
for bothPowerTailandPowerEven. However,PowerTail

outperformsPowerEvensignificantly. For example, whenx̂
R̂

=
0.02, PowerTailconsumes only21.0%, 19.5%, and24.2% of
power byPowerEvenfor Type-A, Type-B, and Type-C servers
respectively. In this case,PowerTailonly activates2 servers
out of 11 servers for all three types. Asx̂

R̂
increases, for a

fixed x̂, R̂ decreases. That means we have a tight response time
requirement. In order to achieve this goal, we need to increase
the processing capacity. For instance, we activate more servers,
which results in more power consumption. Eventually, all
servers will be activated, in that case,PowerTailwill be same
asPowerEven.

For γ = 1, we haveαrl ≤ PI and henceξ < 0 by (19).
Based on Theorem 4,rc = 1 holds always, which is observed
in Figure 4(a). Forγ = 1.2137, we also haverc = 1, which is
also observed in Figure 4(b). Forγ = 3, χ > 0 as x̂

R̂
< 0.0171

andχ < 0 as x̂

R̂
> 0.0171. Therefore, based on Theorem 5,

rc = 1 as x̂

R̂
> 0.0171, which is also observed in Figure 4(c).

8Recall that the job size is scaled in each type of server withµ = 83.5521
per second at the maximum speed, therefore the total numbersof servers
under the peak demand are the same.

TABLE IV
COMPARISON OFPowerTailVS. THE OPTIMAL DESIGN.

λ (/s) Type-A Server Type-B Server Type-C Server

100 3, 1.4% 3, 1.4% 3, 11.8%
200 5, 0.7% 5, 0.7% 5, 6.9%
300 7, 0.4% 7, 0.4% 7, 3.9%
400 9, 0.2% 9, 0.2% 9, 2.0%
500 11, 0.1% 11, 0.1% 11, 0.8%

In Figure 4, we also observe thatρc is a (piecewise) linear
function of x̂

R̂
, which is based on Theorems 4 and 5 and (11).

2) Varying ǫ: In this case, we still assume the arrival rate
λF = 84.6 per second. We choosex̂

R̂
= 0.02. Based on the

feasible region ofǫ, given the value ofx̂
R̂

, ǫ is lower-bounded
by [ x̂

R̂
]v = 1.68e− 4 and it could not reach the lower bound.

In our evaluation, we varyǫ from 0.0002 to 0.1. We obtain the
mean power consumption of the server farm withPowerTail
andPowerEvenunder all three types of servers. The result is
shown in Figure 5.

Based on Theorems 4 and 5,PowerTaildesign depends on
the value ofη. By (11), η is an increasing function of[ x̂

R̂
]ν ,

but a decreasing function ofǫ. Therefore, we observe that in
Figure 5E[P ] decreases with respect toǫ for both PowerTail
and PowerEven. PowerTailstill outperformsPowerEvensig-
nificantly. For example, whenǫ = 0.001, PowerTailconsumes
only 21.0%, 19.5% and 24.2% of power byPowerEvenfor
Type-A, Type-B, and Type-C servers respectively. In this case,
PowerTail only activates2 servers out of11 servers for all
types. Whenǫ is extremely small,PowerTail is worse due to
the fact thatPowerTailis not optimal for this case. Due to the
symmetricity of this case with the previous one, the reason
behind it can be drawn easily. We also skip the result of the
critical speed ratio and the critical utilization.

3) Varying λ: In this case, we setx̂
R̂

= 0.02 andǫ = 0.001.
We varyλ from 0 per second to500 per second. We obtain the
mean power consumption of the server farm withPowerTail
andPowerEvenunder all three types of servers. The result is
shown in Figure 6. The overall mean power consumption is
an almost-linear function ofλ underPowerTail. The steps in
the curve is due to the server with non-optimal configuration.
PowerTailaim to activate more servers for a higher arrival. For
PowerEven, since all servers are always activated, each server
will consume the power in the idle mode, which is relatively
large.

In this case, we also evaluate the gap betweenPowerTailand
the optimal design as shown in Table IV. For each table entry,
the first value is the number of servers activated byPowerTail
and the second value is the gap betweenPowerTailand the
optimal design. In all cases, as the request arrival rate increases
PowerTailperforms very closely to the optimal design.

VII. C ONCLUSION

In this paper, we studied power consumption optimization in
server farm under response time SLA. The SLA in study was
measured at a certain level percentile or tail of the job response
time, which is more appealing than the commonly-used mean
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Fig. 3. Power consumption comparison forǫ = 0.001 andλ = 84.6 per second.

0.01 0.02 0.03 0.04
0

0.2

0.4

0.6

0.8

1

x̂/R̂

S
pe

ed
 r

at
io

 a
nd

 u
til

iz
at

io
n

 

 

r
c

ρ
c

(a) Type-A servers (γ = 1)

0.01 0.02 0.03 0.04
0

0.2

0.4

0.6

0.8

1

x̂/R̂

S
pe

ed
 r

at
io

 a
nd

 u
til

iz
at

io
n

 

 

r
c

ρ
c

(b) Type-B servers (γ = 1.2137)

0.01 0.02 0.03 0.04
0

0.2

0.4

0.6

0.8

1

x̂/R̂

S
pe

ed
 r

at
io

 a
nd

 u
til

iz
at

io
n

 

 

r
c

ρ
c

(c) Type-C servers (γ = 3)

Fig. 4. The values of(ρc, rc) with PowerTail for ǫ = 0.001 andλ = 84.6 per second.
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Fig. 5. Power consumption comparison forx̂
R̂

= 0.02 andλ = 84.6 per second.

value. We adopted an M/G/1/PS server model, where the job
service time distribution is assumed heavy-tailed. We proposed
a simple and elegant design strategyPowerTail. It is based
on our observation that minimizing the overall mean power
consumption under a given SLA is equivalent to minimizing
the mean energy consumption per job. We investigated how to
find the optimal critical utilization and speed ratio setting for
PowerTaildesign. Our evaluation results have showed that our
PowerTailstrategy significantly outperforms the intuitive load-
balancing strategyPowerEven. We have compared our results
with other approaches with greedy local DVFS [19]. For future
work, we will also consider to adopt control theory to change
the CPU frequency in servers under percentile guarantees, by
which we will compare for fair comparisons with [18].

Moreover, for systems with heterogeneous servers with
discrete speeds, the approximation algorithms in [36] can be
adopted to decide the activation of servers and the speeds
of the servers, as the algorithms in [36] only require a
performance/energy table. For future work, we would also like
to consider multi-core servers. The proposed framework can
still be applied while the queueing theory should be extended
to M/G/k/PS server model.
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APPENDIX A
DERIVING OPTIMAL Q(ρ, r)

Based on (17b), the feasible value ofρ should satisfy:

0 ≤ ρ ≤ ρr, (26)

whereρr is the upper bound of the feasibleρ and defined as

ρr
def
= 1− η. (27)

In order to obtain the optimalQ = Q(ρ, r), we first consider
Q as a function ofr. We obtain its first partial derivative:

∂Q

∂r
=

α

µ
[r − rl]

γ−1 [γ − 1]r + rl
r2

. (28)

We observe that∂Q
∂r

> 0 holds for any feasibler. ThereforeQ
is an increasing function ofr. The minimalQ will be achieved
at the critical speedrc, which is the lower bound of the feasible
r. Based on (17b), we have

rc = max{rl, ρ+ η}. (29)

We apply (29) into (17a) and thenQ becomes a function
of ρ only. Next, we need to find out an optimalρ to minimize
Q, which is defined as thecritical utilization ρc. Notice that
rc that was just applied in (17a) has a max operator as shown
in (29). In order to remove this max operator, we divide the
feasible region ofρ in (26) into the following sub-intervals:
[0, ρm] and [ρm, ρr], where

ρm
def
= max{0, rl − η}. (30)

We haverl ≥ ρ+ η in [0, ρm] andrl ≤ ρ+ η in [ρm, ρr].
In the sub-interval[0, ρm], by (29) we obtain the critical

speed ratio asrc = rl. Applying it in (17a), we obtain the
minimumQ as

Q =
PI

µρ
. (31)

Q in (31) is a decreasing function ofρ. If the critical utilization
ρc falls in this sub-interval, it will fall atρ = ρm. SinceQ is a
continuous function atρ = ρm, we could exclude the case of
this sub-interval by includingρ = ρm in the other sub-interval.

In the following, we focus on the second sub-interval
[ρm, ρr], which includesρ = ρm. By (29) we obtain the
critical speed ratio asrc = ρ + η. Applying it in (17a), we
obtain the minimumQ as

Q =
1

µ
[
α[ρ− ρm]γ

ρ+ η
+

PI

ρ
]. (32)

In order to obtain the minimalQ in (32), we study its first
partial derivative, which can be obtained as

∂Q

∂ρ
=

H(ρ)

[ρ+ η]2
, (33)

where

H(ρ) = α[ρ− ρm]γ−1[[γ − 1][ρ+ η] + rl]− PI [1 +
η

ρ
]2.

(34)

In order to find the minimumQ, we need to study the
properties ofH(ρ): If H(ρ) ≥ 0, then ∂Q

∂ρ
≥ 0 and hence

Q defined in (32) is increasing; IfH(ρ) ≤ 0, then Q is
decreasing; If there exists aρ∗ such thatH(ρ∗) = 0, then
Q will have a critical value atρ = ρ∗. Based on these cases,
we can obtain the critical utilizationρc.

APPENDIX B
PROOF OFTHEOREM 4 WITH γ = 1

We setγ = 1 in (34), then we have

H(ρ) = αrl − PI [1 +
η

ρ
]2. (35)

Considerξ defined in (19). Ifξ ≤ 0, thenαrl < PI and
henceH(ρ) < 0 holds always. In this case, by (33)Q is
always decreasing. Then the critical utilization will fallat the
right boundary, i.e.,ρc = ρr, as demonstrated in first plot of
Figure 7(a).

If ξ > 0, thenαrl > PI . H(ρ) ≥ 0 meansρ ≥ ρ∗ and
H(ρ) ≤ 0 meansρ ≤ ρ∗, whereρ∗ is defined as

ρ∗ =
η

[αrl
PI

]
1

2 − 1
= ξ − η. (36)

We consider the following cases:

• If 0 < ξ < rl, thenρ∗ < ρm and henceH(ρ) ≥ 0 holds
for ρ ∈ [ρm, ρr]. In this case,Q is increasing in this sub-
interval. The minimumQ is achieved at the left boundary,
i.e.,ρc = ρm, as demonstrated in second plot of Figure 7(a).

• If rl ≤ ξ < 1, then ρm ≤ ρ∗ ≤ ρr. H(ρ) ≤ 0 holds for
ρ ∈ [ρm, ρ∗] andH(ρ) ≥ 0 holds forρ ∈ [ρ∗, ρr]. HenceQ
is decreasing first and then increasing in this sub-interval.
The minimumQ is achieved inside the sub-interval, i.e.,
ρc = ρ∗, as demonstrated in third plot of Figure 7(a), where
ρ∗ is defined in (36).

• If ξ ≥ 1, thenρ∗ > ρr and henceH(ρ) ≤ 0 holds forρ ∈
[ρm, ρr]. In this case,Q is always decreasing in this sub-
interval. The minimumQ is achieved at the right boundary,
i.e., ρc = ρr, as demonstrated in first plot of Figure 7(a).

With the above obtained critical utilizationρc, based on (29),
we can also obtain the critical speed ratiorc. We combine the
last caseξ ≥ 1 with the caseξ ≤ 0. We can summarize the
above observations in Theorem 4.

APPENDIX C
PROOF OFTHEOREM 5 WITH γ > 1

We consider the left boundary of the sub-interval[ρm, ρr],
i.e., ρ = ρm. In this case, we have

H(ρm) = −PI [
rl
ρm

]2 < 0. (37)

From (34), we also observe thatH(ρ) is strictly increasing in
the sub-interval[ρm, ρr]. We consider the right boundary of
the sub-interval[ρm, ρr], i.e., ρ = ρr.

Considerχ defined in (21). Ifχ ≤ 0, thenH(ρ) ≤ 0 holds
through the sub-interval[ρm, ρr]. By (33) we know that∂Q

∂ρ
≤

0 also holds through[ρm, ρr]. HenceQ is always decreasing
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Fig. 7. Q as a function ofρ in the sub-interval[ρm, ρr ].

in this sub-interval. The minimumQ is achieved atρc = ρr,
as demonstrated in first plot of Figure 7(b).

If χ > 0, then we the following observations:H(ρm) < 0,
H(ρr) > 0, and H(ρ) is increasing in the sub-interval
[ρm, ρr]. Therefore there exists one and only oneρ = ρ∗ such
thatH(ρ∗) = 0 holds. ThenH(ρ) ≤ 0 holds forρ ∈ [ρm, ρ∗]
and H(ρ) ≥ 0 holds for ρ ∈ [ρ∗, ρr]. Hence, by (33)Q
is decreasing first and then increasing in this sub-intervalas
demonstrated in second plot of Figure 7(b). The minimumQ
is achieved inside the sub-interval, i.e.,ρc = ρ∗, which is
defined in (22).

With the above obtained critical utilizationρc, based on
(29), we can also obtain the critical speed ratiorc. We can
summarize the above observations in Theorem 5.

APPENDIX D
VERIFYING HEAVY-TAILED PHENOMENON

The purpose of the following experiment is to verify the
asymptotical approximation of the job response time in Theo-
rem 2. In our verification, we scale the one-minute trace to run
it for 6 minutes. We scale the job service time so that we have
µ = 83.5521 per second at the maximum speed on the server.
We run it on a Type-B server. For evaluating the correctness
of single-core systems, we only enable one core in the server.
We choose two different frequencies: 2.5GHz and 3.1GHz to
examine the response time performance. The result is shown
in Figure 8. For 2.5GHz, for the tail probability to reach0.001,
the service needs to reach1.9268 second for the approximated
value and2.0879 second for the measured value. For 3.1GHz,
for the tail probability to reach0.001, the service needs to
reach1.8472 second for the approximated value and1.6683
second for the measured value. Both cases confirm that the tail
of the job response time can be asymptotically approximated
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Fig. 8. Verifying the asymptotical approximation of the jobresponse time.

as a function of the tail of the job service time as shown in
Theorem 2.


