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Abstract— We investigate autonomic power control policies for
internet servers and data centers. In particular, by monitoring
the system load and thermal status, we decide how to vary the
utilized processing resources to achieve acceptable delay and
power performance. We formulate the problem using a Dynamic
Programming approach that captures the power-performance
tradeoff. We study the structural properties of the optimal
solution and develop low-complexity justified heuristics, which
achieve significant performance gains over standard benchmarks.
The performance gains are higher when the load exhibits stronger
temporal variations. We also demonstrate that the heuristics are
very efficient, in the sense that they perform very close to the
optimal solution obtained via dynamic programming.

I. INTRODUCTION

Data center infrastructures are a major power consumer with
rapidly increasing demand [3], [7]. Scientists at Lawrence
Berkeley National Laboratory estimated that Web sites and
other servers consumed over 7 terawatt-hours (TWh) of elec-
tricity in the US in 1999, more than the internet switching
infrastructure itself [4]. Modern data centers contain tightly
placed hardware that requires a large amount of power to
operate; moreover, a significant amount of power is also
required for cooling such installations [2], [6]. The resulting
power cost sums up to a significant fraction of the total
investment (over its lifetime). This becomes larger every year
as hardware speeds and power consumption increase.

Data centers experience large periods of low utilization,
during which power management can drastically reduce power
consumption with minimal performance impact. Indeed, the
load of large data centers exhibits strong temporal variations
[1], [5] over multiple time scales, which provide opportuni-
ties for power control of high impact. Ideally, an optimal
control scheme would power off hardware resources in a
judicious manner without compromising service performance.
This would also reduce the thermal stress of the systems and
decrease the cooling power.

Internet servers are key building blocks of data centers.
Such servers usually contain multiple CPUs and sophisticated
cooling systems. Server loads can exhibit strong temporal
variations. In fact, at an appropriately high level of modeling
abstraction, an internet server can be viewed as a ’caricature’
of a data center, in the sense that it comprises a rich envi-
ronment of power-managed resources. Of course, the scale is

orders of magnitude larger in a data center. However, for the
purposes of our analysis below, the internet server paradigm
is enough and can appropriately scale to larger environments
of controlled resources.

This paper develops efficient autonomic power control
schemes that can be applied both in single internet servers or
data centers. In both cases, the schemes result in (1) efficient
utilization of available resources and (2) adaptive scaling of
power demand.

The rest of the paper is organized as follows. In section II,
we present a simple model that captures the key performance
tradeoff(s) and provides a framework for computing efficient
dynamic power control policies. This formulation is very
flexible in terms of the performance costs it can incorporate.
We leverage the Dynamic Programming (DP) methodology
to obtain optimal power control policies. In section III,
we analyze the structural properties of the optimal policies
to design justified, near-optimal, practical (low-complexity)
heuristics. In section IV, we evaluate the proposed heuristics
and show that they achieve substantial performance gains over
conventional benchmarks. Finally, in section V we discuss
various extensions and future research.

II. BASIC MODEL AND PROBLEM FORMULATION

In this section we introduce the basic model, reflecting our
problem formulation and capturing the performance tradeoffs
and control issues. We embed the problem within a Markov
decision process framework and use Dynamic Programming
to compute the optimal control.

We consider a server processing job requests. The server is
equipped with M CPUs and a finite buffer for storing jobs. Job
requests received by the server are queued up in the buffer, if
it is not full, or dropped otherwise. The job requests stored in
the buffer retain their positions until they are completed. Time
is slotted and indexed by t = 0, 1, 2, 3, .... In each time slot,
depending on the number of pending requests in the buffer,
the server allocates a number of CPUs to it. The number
of CPUs allocated to the buffer is limited by the number of
CPUs allocated for other tasks that the server has to complete
(e.g.operating systems tasks) and vice versa. Increasing the
number of CPUs assigned to the job buffer decreases the
overall processing time for the jobs in it (but also decreases



Fig. 1. The Model.

the number of CPUs available for other tasks) and increases
the service cost and power consumption associated with it.

We focus on the simple model depicted in Fig. 1, taking the
local perspective of an arbitrarily chosen buffer. The model is
comprised of a single job buffer of size B, a CPU pool, a
CPU allocation environment and a thermal environment. We
assume that the buffer initially (at time 0) contains b0 jobs of a
given type (no job arrivals occur in this simple model). At the
beginning of each time slot, a decision regarding the number
of CPUs to be used during the slot, is taken. The decision is
based on the state of the CPU allocation environment and the
state of the thermal environment of the model, as explained
later.

The state of the CPU allocation environment a, is the
number of CPUs that are available for use by the buffer at
the beginning of each slot. It takes values in the finite set
A of all attainable CPU environment states. The buffer may
actually not choose to use all the CPUs available to it in the
slot. When a decision is made (regarding how many CPUs the
buffer will use in the current slot), the difference between the
number c of CPUs that were used in the previous slot and
the number u of CPUs to be used in this slot will affect a.
Specifically, the state after the decision will be a∗ = a+ c−u
(available CPUs + CPUs that were in use before - CPUs to
be used next). It is assumed that a∗ remains invariant within
each time slot once the decision is made. However, the CPU
allocation environment state in the following time slot will
switch according to a time-homogeneous Markov chain. More
specifically, the CPU allocation environment changes from
a∗ ∈ A in a time slot (after decisions) to a′ ∈ A in the
next time slot (before decisions) with probability

pa∗a′|u

which depends on the control u. Recall that u is the number
of CPUs the buffer has decided to engage and use in the
current time slot to serve its jobs. The Markov chain is
irreducible and aperiodic. This random CPU environment
captures the interactions of the buffer under consideration with
the multitude of other tasks that engage and release CPUs all
the time.

When the decision is made to use u CPUs in a slot, the head-
of-line job in the buffer completes service and leaves at the
end of the slot with probability s(u), which is increasing in u.
Thus, the buffered job population drops by 1 with probability
s(u) and remains constant with probability 1 − s(u). Service
completion events are statistically independent in consecutive
slots and also independent from CPU availability switching
events (conditioned on u).

There is also a thermal environment state t which fluctuates
according to a time-homogeneous Markov chain, taking values
in a finite set T of all attainable states. It is assumed that t
remains invariant within each time slot. Given the number
of CPUs available in the beginning of a time slot a and
the decision (number of CPUs to be used) u, the thermal
environment changes from t ∈ T in the current time slot to
t′ ∈ T in the next one with probability

qtt′|(c,a,u)

which depends on the the vector (c, a, u). The Markov chain
is assumed to be irreducible and aperiodic, and statistically
independent of the CPU availability environment (conditioned
on (c, a, u)) and service completion events. Note that (c, a, u)
alone does not fully capture the decisions and actions of other
tasks in the system. However, the thermal environment t could
reflect the thermal influence of the multitude of other tasks that
engage and release CPUs all the time.

A. The Cost Structure

Let us now consider the costs the system incurs in each time
slot. Assuming that at the beginning of a slot there are b jobs
remaining in the buffer, the state of the thermal environment
is t and it is decided to use u CPUs (instead of c that were
used in the previous slot), we have the following 3 types of
costs:

1) Backlog cost Cb(b), increasing in the number of jobs b
in the buffer.

2) Power cost (and thermal stress) Cut(u, t), increasing in
the number u of CPUs used and the state (temperature)
t of the thermal environment.

3) Reconfiguration cost Cuc(u, c), capturing the overhead
of changing the number of CPUs from c to u. We expect
it to depend on the difference between u and c.

Other than the previously stated general structural properties
of the various cost functions, we make no further assumptions
on their particular forms.

B. Optimal Control

The objective is to serve all the jobs initially stored in
the buffer (b0 in number), while minimizing the overall cost
incurred in the process. The system state to be tracked at each
time slot is (b, t, c, a), that is the current job backlog b in
the buffer, the current state of the thermal environment t, the
number of CPUs that were used in the previous slot c, and
the current state of the CPU allocation environment a. There
is only one decision to be made at the beginning of each slot
and that is the number u of CPUs to be used.



Given this formulation, the system becomes a controlled
Markov decision process and, hence, we can develop a DP
recursion to compute the optimal control. Let J(b, t, c, a) be
the cost-to-go that is, the total average cost incurred under
optimal control to empty the buffer, given that the system
starts from initial state (b, t, c, a). Then we can write the DP
equation:

J(b, t, c, a) = min
u

{Cb(b) + Cut(u, t) + Cuc(u, c)+

+s(u)
∑

t′,a′
qtt′|(c,a,u)pa∗a′|uJ(b − 1, t′, u, a′)+

+[1 − s(u)]
∑

t′,a′
qtt′|(c,a,u)pa∗a′|uJ(b, t′, u, a′)}

(1)

where:

1) a∗ = a + c − u
2) b ∈ {0, 1, ..., B}
3) t ∈ T
4) c ∈ {0, 1, ...,M}
5) a ∈ A = {0, 1, ...,M − c}
6) u is optimized over the range 0 ≤ u ≤ c + a
7) There is no more cost once we finish all the jobs:

J(0, t, c, a) = 0, ∀c, t, a (2)

Equation (1) can be interpreted as follows. Starting at state
(b, t, c, a) and exercising optimal control u, the minimum cost-
to-go is comprised of the current cost (Cb(b) + Cut(u, t) +
Cuc(u, c)) plus the expected future cost. The future cost is:

1) J(b, t′, u, a′) with probability

s(u)qtt′|(c,a,u)pa∗a′|u

if the head-of-line job does not complete service.
2) J(b − 1, t′, u, a′) with probability

(1 − s(u))qtt′(c,a,u)pa∗a′|u

if the job completes service in this slot and leaves.

We must then sum the above terms over all possible thermal
environment states t′ ∈ T and all possible allocation environ-
ment states a′ ∈ A. This explains (1).

C. Computing the Optimal Control

The solution of the DP (1), (2) results in the optimal
decision u given that the system is in state (b, t, c, a). Notice
that this decision does not depend on the specific time slot
but only on the specific state of the system. Therefore, a
stationary optimal policy can be constructed by using the same
state-based decision rule for each time slot until the buffer
empties. We implicitly assume that when the buffer empties
(state (0, t, c, a)), the system reaches a zero cost exit state.

The solution of (1), (2) can easily be obtained using the
policy iteration method [8].

D. The Power vs. Delay Tradeoff

It is natural to expect that the average queueing delay
(including processing time) for a job in the buffer will decrease
as the average utilized power is increased. The issue is how
to quantify this tradeoff and this is what the above model
achieves.

Notice that the queuing delay stress is reflected in the
buffering cost Cb(b). As this increases, the system will try
to minimize the overall cost by emptying the buffer faster.
The sum of the power cost Cut(u, t) plus the overhead cost
Cuc(u, c) affects the overall utilized power. The more valued
low power is, the more the system will attempt to trade higher
delay for lower power. In order to explore the power-delay
tradeoff with this model, we simply have to consider cost
combinations of the type

[ξCb(b) + (1 − ξ)(Cut(u, t) + Cuc(u, c))]

for various values of ξ ∈ (0, 1]. For ξ = 1, the DP ignores any
power cost. This will obviously lead to using the maximum
number of available CPUs in every slot, as this increases the
chances of completing a job (and is cost-free in this case),
achieving the minimum possible queuing delay. If we allowed
ξ = 0, the DP would chose no CPU and cause the average
queuing delay to become infinite. Ranging ξ in (0, 1] we
can achieve any average queuing delay from infinite to the
minimum possible traded off against the corresponding power
and thermal stress of the system.

E. Extensions to the model

It is easy to extend the model to include Markov modulated
(bursty) Bernoulli arrivals. This, however, does not add sig-
nificant intuition. In the following sections where we analyze
systems with job arrivals, we simply use heuristics extracted
from the previous no-arrival case and we see that they perform
very well.

III. DESIGN OF EFFICIENT POWER CONTROL HEURISTICS

Solving the DP recursion of section II for an actual system
can be a computationally intensive task, depending on the size
of the action space. It is therefore desirable to use the structural
properties of the optimal solution and design justified, low-
complexity heuristics that are efficient and have near-optimal
performance. We make the following observations, based on
the model of the previous section, which we should incorporate
into efficient heuristics:

• If the buffer is empty, no CPU should be used (u = 0 if
b = 0).

• The maximum number of CPUs to be used can not exceed
the ones available u ≤ (c+a). However, the state t of the
thermal environment can limit this number. Therefore, we
will denote the maximum number of CPUs that can be
used as h(c + a, t). This function is system specific.

• At least one CPU should be used, if available, when the
buffer is not empty (u ≥ 1 if (c + a) > 1, b > 1).
Note that this is not necessarily optimal since when the
environment is in a very poor state it may be optimal to



wait for it to improve. Nevertheless, this is a reasonable
approximation in most cases.

• The number of CPUs to use should increase as the buffer
size increases, assuming that the other state parameters
remain the same (u(b + 1, t, c, a) ≥ u(b, t, c, a)).

• When many CPUs are available, the engagement could
be less aggressive (u(b, t, c, a) ≥ u(b, t, c, a′) if a < a′).
It is reasonable to anticipate that most of them will very
likely also be available in the next time slot to use.

• A heuristic should incorporate the parameter ξ used to
‘position’ the power-delay tradeoff. As ξ increases the
emphasis on power cost decreases and we expect the
control to be more aggressive in activating CPUs.

A heuristic control that incorporates the above concerns is
given by the following formula:

u(b, t, c, a) = min{h(c + a, t),

(b > 0)(1 + round(f(ξ)h(c + a, t)
b

B − a

M − c + 1
))}

(3)

where: f(ξ) = 23ξ−1(f([0.0 0.5 1.0]) = [0.5 1.4 4.0])
This function induces high CPUs usage when ξ is close to one
(even when the buffer is fairly empty), while it suppresses it
as ξ approaches zero.

IV. PERFORMANCE EVALUATION

In this section we evaluate how well the optimal control and
the heuristic one, developed in sections II and III respectively,
work in an actual system environment. Our evaluation is based
on simulations performed using OMNeT++ [9].

We consider a system with B = 20, T = {1, 2, 3, 4, 5},
M = 8. We will assume that s(u) = 1 − e−0.2u, Cb(b) = b,
Cut(u, t) = u

√
t and Cu,c(u, c) = 0.2(u− c)+ +0.1(u− c)−.

We omit the details about the transition probabilities for the
thermal and the CPU environment. We briefly say that (1)
the thermal state can only change to adjacent ones (higher
or lower) and (2) the probability of moving to a higher
state increases as fewer CPUs are available (after decisions).
Moreover, the CPU availability state switches to any of the
other possible states with equal probability, smaller than the
probability of remaining the same. Finally, for this system, we
choose h(c + a, t) = c + a.

Since in actual systems we do have job arrivals, this is the
case we study here. We consider two types of arrivals:

• Constant rate - The interarrival time is exponentially
distributed with mean 2 time slots.

• Bursty - In this case, there are 2 kinds of alternating cy-
cles. The length of each cycle is exponentially distributed
with average length 100 time slots. In the first cycle type,
the arrivals have constant rate and the interarrival time is
exponentially distributed with mean 2 time slots. In the
second cycle type, there are no arrivals.

In order to benchmark our work, we will further consider
the case of a constant CPU usage policy. This is what usually
holds in practice. Specifically, each queue is equipped with a
constant number of CPUs that are powered-up at all times.

(a) Comparison of the power-cost and average-queuing-delay trade-off for
the cases of the optimal policy (ξ = {0.1, 0.3, 0.5, 0.7, 0.9}), the heuristic
(ξ = {0.1, 0.3, 0.5, 0.7, 0.9}) and constant CPU usage (1-5 CPUs)

(b) The left plot presents the job-drop-rate versus ξ for the optimal policy
and the heuristic. The right plot presents the job-drop-rate when a constant
number of CPUs is used.

Fig. 2. Results for the case of constant arrival rate.

Fig.2(a) and 2(b) present our results in the case with
constant arrival rate. As we see in Fig.2(a) the optimal policy
slightly outperforms the heuristic in terms of the power-delay
tradeoff. We also see that the constant CPU usage policy
appears to outperform all others when when the number of
CPUs used is less than 3 while it appears to perform worse in
the opposite case. These results do not, at first, appear to meet
our expectations. However, examining Fig.2(b) we discover
that the job-drop-rate (overflow rate) is a lot more significant
in the case of constant CPU usage. Specifically, we see that
even when 3 CPUs are used, the dropped jobs exceed one tenth
of the total jobs received. Naturally, this is not acceptable in
a real system application.

Fig.3(a) and 3(b) present our results in the case of bursty
arrivals. These results are a lot more dramatic as anticipated.
Indeed in Fig.3(a) we see that in terms of power cost and
power vs. delay tradeoff, the optimal policy and the heuristic
perform similarly, and far better than the constant CPU usage
policy. Fig.3(b) supports a similar conclusion regarding the
job-drop-rate.

An important observation needs to be made here. Roughly
speaking, when the arrival rate is nearly constant, there are
power savings obtained by the control schemes, but they are



(a) Comparison of the power-cost and average-queuing-delay trade-off for
the cases of the optimal policy (ξ = {0.1, 0.3, 0.5, 0.7, 0.9}), the heuristic
(ξ = {0.1, 0.3, 0.5, 0.7, 0.9}) and constant CPU usage (1-5 CPUs)

(b) The left plot presents the job-drop-rate versus ξ for the optimal policy
and the heuristic. The right plot presents the job-drop-rate when a constant
number of CPUs is used.

Fig. 3. Results for the case of bursty arrival rate.

somewhat limited. This is because the buffer smooths out the
load on the CPUs and, by using the proper fixed number of
CPUs matching the average load, we can achieve relatively
high performance. However, in real systems the arrival rate
demonstrates intense variations. Real system traffic can be
approximated by operating cycles within which the arrival rate
may be rather constant. This is why the power control schemes
we presented can achieve substantial benefits over standard
approaches.

V. CONCLUSION

In this paper, we examined the important problem of au-
tonomic power control for internet servers and data centers.
We formulated this problem within a Dynamic Programming
framework that captures the power-delay tradeoff. In addition
to the solution of the DP, we designed and evaluated a
practical, low-complexity heuristic algorithm. In both cases,
we demonstrated significant performance gain compared to
benchmark systems. The gain is greater in the regime where
job arrivals exhibit substantial temporal variations. Our ap-
proach can be applied to a large range of scenarios and does
not depend on the statistical characteristics of the job arrivals.
However, future work will investigate ways to achieve even

higher performance efficiency by utilizing proper estimation
techniques for the jobs arrivals.
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