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Abstract—Energy related costs are becoming one of the largest
contributors to the overall cost of operating a data center,
whereas the degree of data center utilization continues to be very
low. Energy-aware dynamic provision of resources based on the
consolidation of existing application instances can simultaneously
address under-utilization of servers while highly reducing energy
costs. Thus, energy costs cannot be treated separately from
resource provision and allocation. However, current scheduling
techniques based on market mechanisms do not specifically deal
with such scenario. In this paper we model the problem of
minimizing energy consumption of the allocation of resources
to networked applications as a Stackelberg leadership game to
find an upper bound of energy saving. The model is applied to
a proportional-share mechanism where resource providers can
maximize their profit by minimizing energy costs while users can
select resources ensuring the minimum requirements are satisfied.
We show that our mechanism can determine the optimal set
of resources on and off, even in realistic conditions considering
incomplete information, and heterogeneous applications.

I. I NTRODUCTION
Energy consumption is a key concern in networked computing systems, including service overlays, content distribution
systems and many other distributed systems. These systems
require a collection of networked computing resources from
one or multiple providers on data centers spread over the
world.
All data centers or cloud computing providers face the
problems of high energy costs, a discouraging low server
utilization, and changing resource demand of applications. For
instance, Hoelzle et al. [1] look at the average CPU utilization
of 5,000 Google servers during a 6-month period. It shows
that, on average, servers spend relatively little aggregate time
at high load levels, but most of the time at the 10–50% CPU
utilization range where they are most inefficient in terms of
energy.
Two popular methods for effectively matching power consumption to workload requirements in a data center are via
processor speed scaling and powering down nodes.
The goal of this paper is to develop a theoretical framework
to analyze the limits of energy saving, and strategies to determine the right set of computing nodes on and off to minimize
energy consumption while keeping the right level of service for
networked applications using these computational resources.
We consider several characteristics of modern applications and
resources –e.g. proportional share of resources, granularity of
application processes, level of parallelism, and migration and
consolidation of virtual machines.
The focus and contributions of this paper are as follows: i)
we derive a simple energetic model for computing elements
based on SPEC benchmarks using real data; ii) we model

the problem of energy minimization in resource allocation
as a Stackelberg competition game to derive an algorithm to
compute the upper bound on energy saving, which optimizes
both energy consumption and resource requirements of applications; iii) although the model assumes complete information,
we also explore the effect of having incomplete information, a
key aspect in large-scale systems; iv) we also conduct a comprehensive evaluation by simulation looking at the influence
of users’ budgets, its diversity, profit maximization and energy
minimization.
In this paper we present an energy consumption model
for computing elements in a data center in Section II. Sections III and IV establish a competition model, with complete
and incomplete information between a resource provider and
consumers. Section V provides the experimental results and
findings based on simulation. Section VI presents the related
work, conclusions and discuss future work.
II. M ODEL
A. Energy consumption model
In this section we introduce a model for energy consumption
of computing elements present in a data center. The energy
curve of a server can be characterized in terms of the CPU
load by:
fe (s) = σe + µe sα
where σe represents the fixed cost of maintaining a server
powered on and available and µe , α are parameters of the
device which characterizes its dynamic energy consumption
as a function of the load s ∈ [0, 1].
To understand the current trend in power consumption over
the last years, we examined a comprehensive set of 500
server profiles publicly available through the SPEC (Standard Performance Evaluation Corporation) website [2] using
the SPECpower_ssj2008 benchmark. It is an industrystandard benchmark that evaluates the power and performance
characteristics of volume server class and multi-node class
computers. The results of the fitting procedure of the data
to the above energy function are presented in Table I.
The value of µe should be understood as the maximum
amount of energy consumed by a device at full capacity
without considering the energy consumed when the server is
idle. The trend is to decrease the idle consumption while the
dynamic consumption is increased. This trend is due to the
increasing interest from companies to achieve energy proportionality, which refers to the goal in which the amount of
energy consumed by a device is proportional to the workload
supported.
However, we also observe that the values of the fixed term
σe are still an order of magnitude greater than µe in the worst

TABLE I
E STIMATE OF SERVER PARAMETERS ( IN WATTS )
Parameter

2008

2009

2010

Mean

σe

133.60

120.14

96.32

126.46

µe

1.39

5.31

10.82

4.55

α

0.95

0.83

0.70

0.86

case –i.e. when the node is fully used. From this fact, we
can assume that the fixed term is dominant compared to the
term proportional to the load in the energy curve. Thus, we
argue that most savings in large-scale infrastructures would be
achieved if we consider the problem of powering up or down
nodes instead on focusing on scheduling decisions based on
dynamic power scaling of nodes.
B. Resource allocation model
Sharing of computing elements (resources) can significantly
increase system’s utilization by combining in a single resource
different types of workloads with complementary resource
requirements. Although our results are quite independent of
the specific resource allocation model, we have decided to
employ a market-based way of allocating computing resources
in contrast to traditional centralized schedulers.
The rationale behind this decision is the complexity of
allocating efficiently applications to resources given that each
user has different requirements –i.e. private information which
users’ are not willing to disclose– and, therefore, centralized
schedulers which optimize resource allocation have a high cost
in terms of information needed and computational complexity.
The use of market-based mechanisms allows such complete
information to be reduced to a single piece of information
–i.e. price– which allows the system to scale.
The simplest and most appealing market-based mechanism
for shared divisible resources is the proportional share allocation mechanism, where each user submits bids for the different
resources and receives a fraction proportional to user’s bid and
inversely proportional to the sum of all other users’ bids for
the same
Pkresource. More formally, the price of the resource is
Yj = i=1 xij , where k is the number of bids on resource
j and xij is a non-negative bid of user i for resource j.
Following the proportional share allocation mechanism, user i
x
receives a fraction rij = Yijj of resource j. This mechanism is
straightforward for users to understand the response of the
system to a specific bid. Besides, current virtual machine
systems already provide proportional share mechanisms which
makes even simpler its implementation from the technological
point of view [3].
As introduced previously, our aim is to minimize energy
consumption considering energy costs. We extend this mechanism to consider the state of a resource –i.e. on or off state.
Therefore, the fraction of a resource received by user i is
x
actually rij = qj Yijj , where qj ∈ {0, 1} is a binary variable
representing the state of resource j –i.e. 0 if the resource is
shut down and 1 if it is powered up.
III. S TACKELBERG COMPETITION MODEL
As the provider is in a privileged position to decide in
advance which resources keep on-line and which ones shut
down, it is natural to model the data center economy, where
users and providers interact considering energetic costs, as

a Stackelberg game [4] of participation on two levels –the
infrastructure operator in the leader role determining which
resources to keep on and off and a set of strategic users
buying resources as followers. Following that, we present
the respective payoff functions of users and the infrastructure
operator, and efficient algorithms to compute the best response
of both roles considering each others’ actions. This model will
allow us to provide lower and upper bounds for metrics of
interest to both users and provider.
A. User model
To model users1 behavior, we consider the utility function
presented in [5], a linear payoff function Ui (ri1 , . . . , rim ) =
qi1 wi1 ri1 + . . . + qim wim rim , where rik is the resource
share obtained from resource k, wik ≥ 0 is user i’s private
preference for resource k, and qik ∈ {0, 1} represents whether
the resource is off or on respectively. However, following the
trends of resource providers of providing homogeneous resources to users in the form of virtual machines, these weights
or preferences no longer apply and thus ∀j,k wij = wik .
As typically, we also assume that users are selfish and
strategic –i.e. they all act to maximize their own utility defined
by their payoff functions. The best response of an agent
given a set of resource prices is to find the set of bids on
resources that maximizes their utility function. More formally,
the best response is the solution to the following optimization
problem (1):
max Ui (x1 , . . . , xm ) =

m
X
j=1

subject to

m
X

qij

xij
xij + yj

(1)

xij ≤ Xi

j=1

xij
≥ φi ∈ (0, 1]
xij + yj
|S| ≥ τi
Restrictions: We assume several restrictions for the optimal
solution of each agent. The first one is that each user i has a
budget (or money) constraint Xi and its total positive bids have
to sum up to match its budget. This constraint represents the
fact that each user does not own an infinite budget, as opposed
to standard assumptions in traditional economic models.
The second restriction assumes a certain application granularity. An application i needs at least a minimum share
at each node specified by φi . Therefore, the optimization
problem should select those resources in which this constraint
is satisfied. Notice that this restriction may be reformulated in
yj φi
terms of the minimum bid to announce: xij ≥ 1−φ
.
i
2
The third restriction is on the level of parallelism . Let S =
{rij : rij ≥ φi } be the set of nodes in which the second
restriction is satisfied. Then, we assume that an application
has a minimum level of parallelism (defined as the cardinality
of S) of up to τi nodes. If this restriction is not satisfied,
the user has no incentive to participate in the resource market
as its requirements will not be met. To simplify the notation
1 We may use the word user and application indistinctly through the paper
to describe an entity which consumes resources from the infrastructure.
2 Parallelism understood as the need for several instances of a virtual
machine in separate nodes. This need would arise when dealing with faulttolerance, load-balancing, etc.
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User i’s best response algorithm

Fig. 2.

Require: φ {user i’s minimum share}
Require: X {user i’s budget}
Require: {y1 , . . . , ym } {list of resource prices}
Require: {q1 , . . . , qm } {list of resource states (on/off)}
M = {yj : qj = 1} {list of prices of on machines}
Sort the set M by yj in increasing order
Compute largest k such that
k
√
X
yj φ
Pk yk√ (X +
yi ) − yk ≥
yi
1
−φ
i=1
i=1
Set xj = 0 for j > k, and for 1 ≤ j ≤ k, set:
k
√
X
y
xj = Pk j√ (X +
yi ) − yj
i=1

yi

i=1

return (x1 , . . . , xm )
through the rest of the paper, we denote this restriction as a
boolean named satisfaction.
The second and third restrictions improve the representation
of real distributed applications. Previous models did not consider that an optimal allocation for the above problem would
contain such a small share that is not possible (or impractical)
to be allocated in a real computing resource.
Although this model is more realistic in terms of application
requirements, we still do not consider the cost in time of
moving virtual machines between nodes. However, recent
results for live migration in several virtual machine monitors
show migration latencies at the millisecond level, supporting
our assumption of disregarding this cost [6].
User’s best response algorithm: Figure 1 summarizes the
algorithm for computing the best response –i.e. the bidding
vector x∗ = (x∗1 , . . . , x∗m ) that maximizes the payoff function
Ui – considering the above optimization problem (see [5] for
details). In short, it determines the maximum number of bids
yj φi
xj on a resource j such that xj ≥ 1−φ
.
i
B. Providers model
The payoff function of the resource provider is that of
maximizing its profit considering the actual income (price
paid by users for each resource) and the actual cost of
maintaining the infrastructure (price paid by the provider for
its on resources).
In this game, the provider acts as the leader (deciding the
values of qj ) and users act as followers deciding their optimal
bidding vector once the values of qj are announced.
More formally, the best response is the solution to the
following optimization problem (2):
max

P (q1 , . . . , qm ) =

m
X
j=1

subject to

(qj

n
X
i=1

xij ) −

m
X

qj cj (2)

j=1

∀i |Si | ≥ τi

Restrictions: We assume that the provider has no incentive
to perform admission control on users given that there are
enough resources to accommodate user’s aggregate demand.
In other words, the provider’s restriction is to satisfy every
user –i.e. minimum resource requirements are met– if there
are enough resources. An interesting line of future work would
be to consider admission control on users to select users
which provide higher income with a minimum associated cost

Provider’s best response algorithm

Require: {φ1 , . . . , φn } {users minimum share}
Require: {τ1 , . . . , τn } {users minimum number of nodes}
Require: {Xi , . . . , Xn } {users budget}
Require: M = {c1 , . . . , cm } {list of resource costs}
Sort the set M by cj in increasing order
k=0
repeat
k ←k+1
Set qj = 1 for j ≤ k
Set qj = 0 for j > k
repeat
for all user i do
UpdateBestResponse(φi , τi , Xi )
end for
until convergence
until ∀i |Si | ≥ τi OR k = m
return (q1 , . . . , qm )
to increase the profit. However, in this paper we consider
that admission control is made beforehand through a contract
between a user and the provider. Therefore, our goal is to
satisfy all contracts already admitted.
Provider’s best response algorithm: The Stackelberg model
can be solved by finding the subgame perfect Nash equilibrium
(SPNE) –i.e. the strategy profile that serves best each player,
given the strategies of other players and that entails every
player playing in a Nash equilibrium.
A common method for determining subgame perfect equilibrium in the case of a finite game is backward induction.
To calculate the SPNE, the best response functions of the
follower must first be calculated. As we already provide an
efficient algorithm to compute the follower’s best response,
we now present an algorithm to compute the best response of
the provider (the leader in our game).
To compute the best response, we first sort machines
by its energetic cost in increasing order. Without loss of
generality, suppose that c1 ≤ c2 ≤ . . . cm . Suppose that
∗
) is the optimal solution (values of 0 and
q ∗ = (q1∗ , . . . , qm
1 representing off and on machines).
Claim 1. If qi∗ = 0, then it must hold that for any j > i,
qj∗ = 0.
Proof: (Sketch) By the optimality constraint in Equation
2, we have that ∀i |Si | ≥ τi , and therefore, each user participating in the market spends all its budget in the optimal
subset of on resources.
Therefore, the income is P
a constant
Pn
m
value equal to i=1 Xi and we need to minimize j=1 qj∗ cj
∗
to maximize P (q1∗ , . . . , qm
).
Given that the set of machines is sorted in ascending order
of energetic cost, q ∗ already contains the nodes with a lowest
cost and therefore maximizes the provider’s revenue.
The remaining question is to determine the number of on
nodes –i.e. nodes with qj = 1. It is the minimum number
of nodes such that each user is satisfied3 with its allocation.
Thus, the algorithm derived to compute the best response of
a provider is presented in Figure 2.
Intuitively, it checks if the SPNE when adding a single
machine into the set of on machines satisfies the satisfaction
3 Recall that the satisfaction of each user is determined by its minimum
requirements in terms of share in a node φ and number of minimum nodes τ

constraint for all users. This algorithm stops when every user
is satisfied with its allocation or the provider needs to keep
every machine on.
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V. E XPERIMENTAL R ESULTS
In this section, we provide the detailed experimental findings. In our simulations we fix the number m of nodes to
1000 and a fixed number n of users to 250. We assign a
individual cost of cj in Watts to each node drawn from a
uniform distribution U ∼ (96.32, 133.60) extracted from real
measurements summarized in Table I. We assume that the
economic cost of each Watt is one monetary unit.
We compare the behavior of the strategies presented previously by varying users’ budget and its minimum requirements
φ and τ . Following, we present the metrics under study.
Profit. It is the outcome of the providers utility’s function
defined in Equation 2. That is, it is the total income provided
by users by bidding on available machines minus the energetic
cost of these available machines. As we are not interested
in the actual profit but the ratio between the profit and the
available money in the system –i.e. theP
money owned by users–
n
we normalize the resulting profit by i Xi .
Energy saving. It is the ratio between the cost saving of
shutting down nodes and the total cost if all nodes were
available.
Server usage. It is the mean server usage of the whole
infrastructure. In our simulations, users consume a share up
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IV. S TRATEGIES WITH INCOMPLETE INFORMATION
The algorithm presented in Figure 2 is useful for understanding the upper and lower bounds on metrics of interest
for the provider. However, the main problem with this model
is the complete information required by the provider in order
to compute the SPNE. Thus, we present two strategies which
use only aggregated information (either economic or technical)
available to the provider –i.e. without knowing the private
information of each user.
Proportional cost threshold strategy: In this case, the
provider will decide to shutdown those machines which do not
cover its own energetic cost. More formally, it P
will shutdown
n
the set of machines OF F = {j : ∀j cj >
i xij }. The
intuitive idea behind this is to shutdown those nodes which
do not report a positive profit for the provider because of its
high energetic cost.
Demand aware strategy: In this case, instead of relying on
the energetic cost of each resource, the provider will make
use of the aggregate demand present in its resource pool.
This way, it will compute a rough number of nodes which
could potentially carry out the current load. More formally,
the number of nodes k to maintain on-line, considering a
mean resource usage of p ∈ [0, 1] and a confidence parameter
α ∈ [0, ∞], will be k = (1 + α) ∗ p ∗ m.
Then, as in the complete information case, we sort machines
by cost in increasing order and set qj = 1 for j ≤ k and qj = 0
for j > k. Intuitively, we are estimating the optimal number
of machines necessary to satisfy every user. The parameter
α is related to the confidence on the estimation of the mean
resource usage p. Besides, α represents the trade-off between
user’s satisfaction and the reduction of energetic costs. Thus,
a higher α will lead to an overestimation of the necessary online resources to satisfy users, while a lower α will be more
aggressive and risk user’s insatisfaction at the benefit of lower
costs.
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Fig. 3.

Results with variable budget per user

to φ of a single resource. For example, if a user’s share on
a resource is rij = 0.7 and its φ = 0.3, then 40% of that
resource will be unused. Recall that rij ≥ φ is always true by
the optimality restrictions of user’s payoff function presented
in Equation 1. Instead of a percentage, we present a ratio in
the range [0, 1] for comparison purposes.
Satisfaction. This metric shows the efficiency of our strategies in terms of user satisfaction. It is the ratio between the
number k of satisfied users (those fulfilling their satisfaction
criteria) and the total number n of users.
User efficiency. User efficiency or price of anarchy (PoA)
is defined as the ratio between the social welfare U (ω)
considering an actual allocation ω and the social welfare at
the optimal allocation U ∗ where U ∗ = max(U (ω)) ∀ω. For
an explanation on how to compute the optimal social welfare
U ∗ we refer the reader to [5].
For the sake of comparison, we introduce another simple
strategy which is to maintain all nodes always available (No
threshold in the figures). This strategy will allow us to compare
the behavior of different strategies and provide a lower bound
on how the system would behave no matter the strategy
followed by the provider.
We first experiment with homogeneous users –i.e. running
equivalent applications. Thus, for each user i we fix φi = 0.1
and a τi = 5. This way, we introduce a constant light-weight
workload which could be supported by a subset of the whole
infrastructure. Through subsequent iterations, we increase the
budget of each user in the range [60, 600] with steps of 10
monetary units. The expected behavior is that the more budget
is available to users, the more resources they buy increasing
its own utility.
The results show that for the simplest strategy of main-

taining the whole infrastructure available (No threshold in
Figures 3(a)-(e)) the provider has no incentive to participate
in the market –i.e. its profit is less than zero– until the level
of income is at least equal to the cost of maintaining the
infrastructure (around 220 monetary units per user). Besides,
the energy savings and server mean usage are the lowest
possible as the whole infrastructure is active and the workload
is constant. However, in this case, user’s satisfaction and
efficiency are the highest possible as there are always enough
resources to meet each one’s requirements. This scenario is
interesting as it provides lower bounds for energy savings and
profit while providing upper bounds on user’s satisfaction and
user’s utility.
In contrast, we look at the strategy derived from the Stackelberg game (Anticipated in Figures 3(a)-(e)) which is proven
to be the best response of the Stackelberg game. Figure 3(a)
shows that the more budget is available to users the more profit
is obtained by the provider because it is able to adjust the number of available machines for a given workload (which is fixed
in these simulations) and, at the same time, the mean server
utilization (Figure 3(c)) is higher than in the simplest strategy
because of the consolidation of applications into a subset of the
infrastructure. More importantly, this adjustment of available
resources to a given workload implies a drastic reduction in
energetic costs making the infrastructure more environmentally and economically efficient (Figure 3(b)). However, this
privileged position gives the provider a great advantage over
users as shown in Figure 3(e). In this case, the provider’s profit
is maximized whereas the efficiency considering user’s utility
is decreased to the minimum possible considering its minimum
requirements of satisfaction. This scenario, unrealistic for the
need of complete information, is interesting as it provides an
upper bound on energy savings, profit and mean server usage
whereas it provides a lower bound for user efficiency.
Whatever other strategy should lie between these two scenarios. The proportional threshold strategy behaves similarly
to the anticipated strategy when there is a small amount of
money in the system, whereas its performance decreases as
more money is introduced. For example, Figure 3(a) shows
that the profit slowly increases as more budget is introduced
by users in contrast with the rapid increase of the anticipated
strategy. This is because users are able to pay for the specific
costs of each machine as more money they have, independently
of the workload. We can see a point of saturation (around a
budget of 300 monetary units) in which users have enough
money to wake up all the resources of the infrastructure and
then the system behaves as the no threshold strategy.
Interestingly, Figures 3(a)–3(e) also show the behavior of
the demand aware strategy in which the infrastructure considers the aggregate demand to estimate the number of nodes
to shutdown with an α = 0.25. This value of α represents a
trade-off between provider’s satisfaction (increasing revenue)
and user’s satisfaction. This scenario is also interesting as
tuning this parameter would allow system administrators to
decide at which point of the solution space operates between
the no threshold (lower bound) and anticipated (upper bound)
strategies, and using only aggregated information. This information is commonly present in currently deployed monitoring
infrastructures.
VI. R ELATED W ORK AND C ONCLUSIONS
Most of current work focus on scheduling techniques and architectures for consolidating virtual machines in fewer servers

to reduce energy consumption. Takeda et al. [7] and Verma
et al. [8] propose mechanisms for virtual machine placement
considering power and cost-aware algorithms. These works
primary concern is the design and evaluation of a specific
piece of software with specific workloads without considering
the economic issues behind user’s behavior and the cost of
managing complete information to meet applications’ requirements. At the network level, different techniques to reduce
energy consumption have been proposed. Most of the work
focus on exploring models related to speed scaling and power
down methods [9] and energy minimization when operational
voltage and frequency of transmission can be scaled [10].
This paper investigates the limits of energy saving for
the allocation of data center resources. We define an energy
consumption model of resources obtained from real available
data and we model the data center economy as a Stackelberg
game which allows us to derive algorithms to compute the
limits of energy savings and profit of the resource provider
(leader) considering the competition among users to obtain
resources (followers). The results can be extended in many directions. Energy-aware admission control of users might help
to select the most profitable set of users in terms of income and
associated cost. The resource model can be extended looking
at nodes with multiple power levels depending on load instead
of just switching them on and off. Besides, the intersection
of energy minimization at the network level and server level
should go together. Another direction is exploring competition
models with incomplete information about the strategy of users
(Bayesian games).
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