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ABSTRACT

This paper presents a unified, coordinated, thermal-compu-
tational approach to the data center energy management
problem. A data center is modeled as two coupled net-
works: a computational and a thermal network. The first
network describes the computation performance of the data
center, while the latter describes temperature evolution of
the devices housed in the data center, based on their elec-
trical power consumption and cooling. Server power states
influence both networks. We formulate the energy control
problem as a Markov decision process (MDP) and compare
through an example, the performance of a controller derived
using the proposed unified thermal-computational approach
against a controller that disregard the coupling between the
two networks. Simulation results suggest further research
directions.

Categories and Subject Descriptors

C.0 [General]: System architecture—Data Center, Energy
Management, Energy efficiency, Thermal modeling, Opti-
mization, Optimal control, Cyber-physical systems

1. INTRODUCTION

A data center is as a facility used to house computer sys-
tems and associated components. As the foundation of the
nation’s information infrastructure, data centers are growing
rapidly in both number and capacity to meet the increasing
demands for highly-responsive computing and massive stor-
age. There has been a corresponding growth in the power
consumed by data center operations. The Environmental
Protection Agency recently reported data centers account
for nearly 2.0% of the total energy consumed in the U.S.,
with a doubling of the power consumed between 2000 and
2006 and a prediction of another doubling in the next five
years [25].

With respect to total energy consumption, data center
equipment can be broadly classified as information systems
(servers, storage devices, routers, etc.) and cooling systems
(chillers, air handlers, fans, etc.). As computational density
has increased at all levels, from transistors on integrated
circuits (ICs), to servers in racks, to racks in a room, the
rate at which heat must be removed has increased, leading
to nearly equal costs for operating the information systems
and cooling systems [2, 5]. Indeed, available cooling ca-
pacity has in some cases become the limiting factor on the
computational capacity (number of servers per rack) in some
data centers [24]. This has motivated considerable research

and development on both fronts: innovations at all levels in
low-power storage and computation technology [3]; and ma-
jor improvements in cooling systems, including better rack
and data center architectures to improve cooling system ef-
ficiency [17, 16].

In this paper we discuss a unified, coordinated, thermal-
computational data center model and we compare the per-
formance of a controller derived using our coupled approach
against a controller that disregards the coupling between the
computational and thermal aspects of a data center.

The paper is dived as follows: Sec. 2 discusses previous
work on energy management for data centers. Section 3 for-
mulates the energy management problem and proposes the
unified thermal-computational model. Section 4 discusses a
particular instantiation of the data center model, and Sec.
5 presents the simulation results. Finally, Sec. 6 discusses
further research directions.

2. PREVIOUS WORK

Mechanisms to reduce power consumption in information
technology (IT) span dimensional scales from chip level, to
room level, and up to the data center level. At the chip level,
power state control techniques like dynamic voltage and fre-
quency scaling (DVFS) are largely applied [14, 12]. At the
platform level, strategies to reduce the dynamic power con-
sumption of hard disks have been proposed [26, 7]. Re-
searchers have also focused on the network power consump-
tion in data centers [9, 23].

At the room level, power-aware resource management al-
gorithms leverage virtualization [15]. Virtualization allows
a server to run different operating systems and applications
on the same hardware and also to move the computational
workload among servers of a data center. In [6] Lien et al.
focus on optimal scheduling algorithm for minimizing server
power consumptions. Servers are modeled as M/M/1 queues
with only two power states: busy and idle. The results in [6],
even though applied to a simplistic data center model, show
the capability of power-aware scheduling algorithm to re-
duce data center power consumption. Some recent papers
have considered policies to minimize total data center energy
consumption by distributing the workload in a temperature-
aware manner [4, 21].

At the data center level, researchers are evaluating tech-
niques to distribute workload among data centers geograph-
ically distributed over a wide area, e.g., north America.
In [10] the authors discuss under which conditions distri-
buted micro-data centers are less expensive than traditional
“mega-data centers”. Distributed micro-data centers also of-



fer the possibility to execute the computations at locations
where the electricity costs are lower. In [20] the authors
consider the implications of electricity price volatility and
locational variation with respect to internet scale systems.

Air cooling is the most widely applied solution to control
IT temperatures. Liquid cooling is an interesting alterna-
tive [18], but costs associated with this approach are pre-
venting its extensive usage. In the room-based air cooling
solutions, computer room air conditioner (CRAC) units are
associated with the room. At design time, before the actual
placement of racks and CRAC units takes place, computa-
tional fluid dynamics (CFD) simulations are used to verify
that all IT devices will receive the required amount of chilled
air.

Row and rack oriented cooling architectures have been
proposed [11]. These approaches do not require CFD sim-
ulations prior to the rack placement since airflow paths are
shorter than those used by the room-oriented solutions and
hence, more predictable. Row- and rack-oriented systems
are also more efficient than the room-oriented systems, in
particular when the power density per rack is higher than
3kW.

Advanced control of cooling systems is discussed by Pa-
tel et al. in [16]. A principal innovation of the proposed
approach is to integrate the control of the information sys-
tems and cooling systems in data centers to achieve levels
of energy efficiency that are far lower than the levels that
have been achieved thus far using methods that treat these
systems separately.

3. PROBLEM FORMULATION

The proposed modeling framework is based on a holistic
and modular approach that supports: compositional model-
ing to address alternative data center architectures, multi-
scale temporal and spatial abstractions and decompositions,
stochastic influences from the environment and workloads
and extensibility to incorporate emerging technologies (e.g.,
solid-state storage, liquid cooling). Based on the level of
granularity, thermal and computational nodes, introduced
later in this section, can either represent a single device, or
an aggregate set of devices, each of which can be modeled
by a lower-level thermal and computational network. For
example a computational node can represent either a row of
server racks, a single blade server in a blade enclosure, or
even a single processor located in a blade server.

We model a data center as two coupled networks: a com-
putational network and a thermal network, as shown in Fig.
1. A data center interacts with the external world execut-
ing tasks at the computational network level and consuming
electrical power at the thermal network level. Tasks are
atomic computation requests.

3.1 Computational network

The computational network describes the evolution of the
data center performance (e.g., expected delay per task) over
the time. The computational network model is based on the
queuing theory, i.e., nodes of the computational network are
queuing systems. The computational network is composed
of n nodes, also called computational servers. Tasks are
routed in the computational network according to a ran-
domized rule. s;;, 4,j = 1,...,n is the probability that
a task, after begin executed at a computational node 7 is
sent to node the computational node j. 0 < >°%  si; <1

and 1 — 377", si; is the probability that a task, after being
executed at node i leaves the data center.

Computational nodes. Computational nodes are single
server queues with infinite-length buffers. Arrival process to
a node ¢ is given by the combination of the external arrival
process and internal scheduling. Tasks are executed at the
node ¢ according to a discipline d; € D;, where D; is the
discrete, nonempty set of available disciplines at node i. For
example »; = {FIFO, LIFO, PS}'. Each computational
server node also has a discrete, nonempty set of available
power states %, i.e., ® = {0,...,|?]| — 1}, where |%;| rep-
resents the number of elements in ?;. The expected task
execution rate of a computational node is function of the
chosen power state. We denote with p;(p;) the expected
task execution rate at a node ¢ when the chosen power state
is pi. If pi; < piy and piy,piy € B, then pi(piy) > pi(piy)-
Power state 0 is associated with the highest task execution
rate. Finally, we say a node i is busy when it is executing a
task and idle otherwise.

3.2 Thermal network

The thermal network describes the relationship between
the overall data center power consumption and the amount
of heat exchanged within the data center and with the ex-
ternal environment. The thermal network accounts for the
power consumed by CRAC units, IT devices and non-com-
putational devices.

Nodes of the thermal network are divided in three classes:
thermal server nodes, CRAC nodes, and environment nodes.
Environment nodes represent I'T devices other than servers,
non-computational devices and external environmental ef-
fects (e.g., weather). All nodes in the thermal network have
an input temperature Tin, an output temperature Toyt, and
an electrical power consumption pw. The thermal network is
composed of n thermal server nodes, ¢ CRAC nodes, and e
environment nodes. Thermal nodes model the local relation
between power consumption, input temperature and output
temperature evolutions. A thermal server node can be used,
for example, to describe the evolution of the outlet temper-
ature of a server, given the values of its inlet temperature
and power consumption.

We denote with Tin;, Tout;, and pw, respectively the input
temperature, the output temperature and the power con-
sumption of the thermal node 3.

The input temperature of a thermal node ¢ is given by a
convex linear combination of the output temperatures values
of all other nodes, [19]:

n—+c+e

ﬂni(T): Z 'Yi,jToutj(T)~ (1)

Values of v;; depend upon the particular data center layout.
Thermal server nodes. A thermal server node j is
modeled as a first-order linear time-invariant (LTI) system:

Toutj = k‘j (Enj - Toutj) +cj- ijy (2)

where k; and c; are appropriate positive coefficients. Mea-
surements taken on a server in our laboratory, shown in Fig.
2, validate this model.

CRAC nodes. CRAC nodes reduce the input tempera-
tures of thermal nodes. These nodes have an additional in-

LFIFO: first in first out, LIFO: last in first out, PS: processor
sharing.
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Figure 1: A layered data center model: a computational network of server nodes (rectangles); and a thermal
network of server nodes (rectangles), CRAC nodes (diamonds) and environment nodes (circles). Dashed

black arrows denote the particular association law.
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Figure 2: Empirical modeling of thermal server
nodes. Left: Server node power consumption.
Right: measured 7Ti,,Tout and predicted Tout from
the empirical thermal server node model.

put: the reference output temperature value Trer. We denote
with T}ef; the reference temperature of the i*" CRAC node.
Let i be a CRAC node, when Trer; < Ting, Tout; will tend to
Trer; according to the node dynamic, while Toyut; will tend
to Tin; when Trer; > Tin;. The electrical power consumption
pw, of a CRAC node i is a function of both Tin; and Touts,
monotonically decreasing in Tout; for all Tout; < Tin;.

Environment nodes. Environment nodes model non-
computational devices and non-devices subsystems, such as
the external environment, that influence the data center
thermal dynamics. For example, the temperature of the
environment surrounding the data center can be expressed
as the output temperature of an environment node having
zero power consumption and output temperature equal to
the measured environment temperature.

3.3 Integrated thermal-computational model

Each computational server is associated with one ther-
mal server node and we call a server the coupling between
the two. The i'" server represents then the coupling be-
tween the i*" computational node and the i** thermal node.
Power consumption of a server node ¢ is function of its com-
putational server power. Given the choice of a power state
p; € P;, the thermal server power consumption is quantized
into two values: pwy (pi) and pw, (pi). pwpy ,(pi) repre-
sents the thermal server power consumption when the asso-
ciated computational server is busy, i.e., the computational
server is executing a task. Pw[,i(pi) represents instead the
thermal server power consumption when the associated com-
putational server is idle.

If piy, piy € B and pi(piy) > pi(piy), then pwy (i) >
prJ(piz), i.e., higher task execution rates imply higher

server power consumption.

Based on the level of granularity, thermal and computa-
tional nodes can either represent a single device or an ag-
gregate set of devices, each of which can be modeled by a
lower-level thermal and computational network. For exam-
ple a computational node can represent either a row of server
racks, a single blade server in a blade enclosure, or even a
single processor located in a blade server.

3.4 Constraints

The proposed unified thermal-computational model makes
it possible to formulate constraints related to both the com-
putational and thermal aspects of a data center. For ex-
ample, a time delay vs. power consumption curve could
be imposed as a joint constraint, rather than imposing in-
dependent constraints on each of these variables. Control
variables can also be constrained. For example, we could
require that no more than 7 server nodes should be used at
the same time, or that two particular computational server
nodes should never exchange tasks between each other.

3.5 Control Inputs

The controllable variables in the proposed data center

model are: the scheduling probabilities s;,;, 3,7 = 1,...,n,
the thermal server node power states p;, i = 1,...,n, and
the CRAC node reference temperatures Tyer;, ¢ = 1,...,c.

As discussed in [13], standard data center management algo-
rithms, are controllers that try to optimize either the power
consumption of server nodes, or the power consumption of
the whole data center, relying only on the information con-
tained at the computational network level. Since the in-
formation given by the interaction between the thermal and
the computational networks are discarded, such an approach
leads to sub-optimal solutions.

4. EXAMPLE

To illustrate a control strategy derived from the proposed
data center model, we consider the data center in Fig. 3.
Server nodes are numerated from 0 to 2. Server node 0 will
also be called switch.

4.1 Computational Network

Tasks arrive at the data center only through the compu-
tational switch node. The task arrival process is Poisson
distributed with parameter A\. The task sojourn time for
the switch node is zero. Tasks are routed by the switch to
computational node 1 with probability sg,1 and to compu-
tational node 2 with probability 1 — so.,1, i.e., all tasks have
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Figure 3: Data center model. n = 3 server nodes,
c=1 CRAC nodes, e =0 environment nodes.

to be routed either to node 1 or to node 2.

When a task is executed at computational server node 1
or 2, it leaves the data center, i.e., s1,; = s2,; are constrained
to have value 0 for j = 0,1, 2.

Computational server nodes. Computational server
nodes are modeled as M/M/1 queues with infinite length
buffers. Their sets of available disciplines are composed only
of the FIFO discipline. Computational server node 0 has
only one available power state, i.e, %9 = {0}. Server node 1
and 2 have four available power states: P71 = 2 = {0, 1,2, 3}.
For each admissible power state, computational server node
2 is faster than computational server node 1, i.e., ui(p) <
p2(p) for p=0,1,2,3.

4.2 Thermal network

Thermal server node 0 does not participate to the ther-
mal energy exchange among other thermal nodes and hence
0,0 = 1 and vp,; = 0 for 7 = 1,2. For example this can be
due to the thermal isolation of node 0 from the rest of the
data center. Since thermal server node 0 does not partici-
pate to the thermal energy exchange, we will not consider
its temperature evolution. Cooling costs of thermal server
node 2 are higher than cooling costs of thermal server node
1.

Thermal server nodes. Evolution dynamics of thermal
server 1 and 2 are comparable. Thermal server 2 is more
energy efficient than thermal server node 1. In particular,
for each power state, power consumptions of thermal server
node 1 are higher than power power consumption of thermal
server node 2 either when they are the busy and idle.

CRAC node. We denote with T,out3, Ting and pwy re-
spectively the output temperature, the input temperature
and the power consumption of the CRAC node. In this ex-
ample we assume the dynamic of the CRAC unit is much
faster than the dynamic of the thermal servers 1 and 2.
When Trer > Tinz, we set Tourz equal to Tinz and the node
power consumption is zero. When instead, Trer < Ting, We
set Touts equal to Trer and the CRAC node power consump-
tion is proportional to (Tinz — Tout3)2.

Environment nodes. For the sake of a clear exposition
in this example we do not consider environment nodes. Ab-
sence of environment nodes can happen, for example, when
the thermal energy exchange between the data center and
the external environment is negligible.

4.3 Control approach

We focus on a discrete time control approach and denote
the sampling interval with 7. Given a choice of controllable
variable values that allows the existence of an invariant dis-
tribution for the computational network, we assume that

the computational network reaches such distribution in a
negligible amount of time.

In order to synthesize a control algorithm for this partic-
ular example, we use the theory of stochastic dynamic pro-
gramming and in particular, the theory of Markov decision
process (MDP) [1, 22].

To formulate our optimization problem as a finite MDP we
have to identify: a discrete, non-empty set X of states, a dis-
crete, finite, non empty set A of actions from which the con-
troller can select an action at each time step 7 =0, ..., kT,
k € N, a set Ppqy of transition probabilities representing
the probability of moving from a state x to a state y when
the action a is applied, and a function ¢ : X x A — Ry of
immediate costs, where Ry = {z € R : = > 0}.

To reach the goal of a finite set of states and actions we
discretize and limit the set of admissible values for Tyutq,
Tout2, Tret, and so,1. Since Trer and So,1 are control vari-
ables, we can restrict their admissible values to a discrete
and finite set. The set of actions is then composed of the
tuple (Tref, P1, P2, S0,1), where p1 € P; and p2 € P». We con-
sider only action values for which invariant distributions for
the computational network exist. This implies that the set
of actions is a function of the expected task rate of arrival
A and we denote this set as A(\).

Values of Tout; and Touto are constrained to evolve ac-
cording to a difference equation obtained discretizing (2).
Hence, their values can span over an infinite set of numbers,
even though their input functions assume values over a finite
and discrete set. We define Tout1 and Tout1 as the quantized
versions of Tout1 and Touto respectively. The set of states X
for the MDP will then be given by the touple (Tmm, Toutz).
States of the MDP do not include the number of tasks in
computational server node 1 and 2 since we assume the com-
putational network reaches the invariant distribution, when
it exists, in a negligible amount of time.

Uncertainty about the true values of Tout; and Touts is
modeled by two independent identical distributed random
variables. We assume Tout;, @ = 1,2 is uniformly distributed
1’{1 [Tout i,min (w)7 Tout i,max (x)L where Tout i,min ($) and
Tout i,maz(x) represent respectively the minimum and the
maximum allowed temperature values for Tout;, when its
discretized version has value Tout i (z). Tout () represents
the value of Tou“ associated with the state x € X. The
uncertainty in the true values of Tout; and Toute and the
discrete version of (2) determines each entry of Pyay.

Constraints. For any state € X and a € A(\) we
require that the input temperature Tin;, ¢ = 1,2 to be al-
ways in the interval [Tinmin, Tinmaz]- 10 particular we set
Tinmin = 15[°C] and Tinmae = 31[°C].

Immediate costs. Given a state z and an action a, we
say that a state y € X is reachable if P.qy > 0. If any
reachable state from a state x does not satisfies the thermal
constraint when action a is chosen, we set the immediate
cost of the couple (z,a) to infinity. If instead, all of the
reachable states satisfy the thermal constraint, we set the
immediate cost to:

c(x,a) = pw,(a) + pw,(a) + pw;(a,z) + fa(S(a)).  (3)

In (3) pw,(a), i = 1,2 represents the expected power con-
sumption of thermal server ¢ when the action a is chosen. Let
¢ = 1 and the chosen action be 4 = (T;ef,ﬁl,ﬁg, s0,1) € A(N).
Since @ € A(X) and due to the assumption of negligible time

needed by the computational network to reach the invariant
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Figure 4: Expected power consumption of thermal
server node 1 and 2 for different power states.

distribution, we can compute the busy probability of server
1 as:

)\ . 56,1
. (4)

w(p1)

The expected power consumption pw, (a) is then given by:

Pbusy1 =

ITwl (d) = PwByl(pvl) : PbuSyl + prl(ﬁl)(l - Pbusy1)~ (‘5)

Pyysy, can be computed similarly.

Figure 4 shows the expected power consumption of ther-
mal server nodes 1 and 2 under different busy probabilities
and for all of their admissible power states.

Power consumption of the CRAC node, pw,, is null if
Tins < Trer and proportional to (Tm—Tref)2 otherwise. Since,
we observe the input and output temperature of CRAC node
only at discrete points of time and hence, we have to approx-
imate its mean value over the sampling interval time. Let
T = (TO;U,TD;Q) € X and a € A be respectively the state
and the chosen action at time 7, 7 = 0,..., k7. If at time 7
the CRAC input temperature Tins = ’}/371T0;t1 +7372T0;t2 +
73,3T;ef is less than T;ef7 then we set pTu3 to zero. If at time
T Ting iS greater than T;ef, then we set pw, o (Tvm — Tv:ef)2.
Finally, fo(S(a)) is monotonic function of the expected so-
journ time S(a), which is determined by the action a € A(X).
The expected sojourn time in the data center can be com-
puted starting from the busy probability of server node 1 and
2, and the value of so,1. In this example we set fo(S(a)) to
zero if the expected sojourn time is less than « and propor-
tional to (S(a) — )? otherwise.

Cost function. We choose the following cost function:

J(a;2(0), ) = E [i ﬂic(w(i),a(i))] .

where 3 € (0,1), 2(0) € X, a = [a(0) a(1) ...], and a(%) and
z(1) represent respectively the action and the state at the
step 4, a(i) € A(X\) and z(i) € X for all ¢ = 0,1,... . The
discount term 3 ensures the convergence of the cost function
to a finite value as 7 increases.

Control law. In this example we are interested in sta-
tionary policies. A stationary policy is a function mx(-) from
X to A(X). We denote with I, the set of stationary policies
from X to A(A). The control problem is then the research
of the optimal stationary policy 7} such that:

i = arg min J(m,2(0), ) =
= arg min E {Z gic(m(i)m(m(i)))] .

To solve this control problem, standard approaches like

(7)
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Figure 6: Data center overall power consumption.

value iteration, policy iteration, or linear programming (LP)
can be applied, [1, 22]. We used the Markov Decision Pro-
cess Toolbox for MATLAB developed by the decision team
of the Biometry and Artificial Intelligence Unit of INRA
Toulouse [8].

S. SIMULATION RESULTS

Performance of the MDP based controller is compared to
a controller that tries to minimize the overall data center
power consumption disregarding the coupling between the
computational and the thermal network. We call coordi-
nated the MDP based controller and uncoordinated the lat-
ter. Let A’(A\) denote the set of tuple (p1,p2, so0,1) for which
an invariant distribution for the computational network ex-
ists. so,1 can only take values from the same set used for
the coordinated controller case. At each time 7 =0,..., k7T,
k € N the uncoordinated controller chooses an action a’ € A’
in order to minimize the following index:

J(a') = pw,(a') + pw,(a’) + fa(S(d)), (®)

where pw, (a'), pw,(a’), and fa(S(a")) are computed simi-
larly to the coordinated controller case.

Once an action @’ € A’()\) is chosen, the uncoordinated
controller determines the best value for Tier in order to en-
force the thermal constraints described in Sec. 4 and to
minimize the CRAC node power consumption. The choice
of the CRAC node reference temperature value is based on
the true values of Tout1 and Toueo and hence, on the true
value of Tin3. The uncoordinated controller has then access
to a richer set of thermal information than the coordinated
controller.

The uncoordinated controller chooses the best value of
T once the other controllable variables have been set. This
reflects the behavior of typical data center management al-
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gorithms, where the control of the computational and cool-
ing subsystems are performed by independent and uncoor-
dinated controllers. Also, the uncoordinated algorithm can
solve its optimization problem in real time, while the coor-
dinated controller requires an off-line computation of a set
of policies based on different values of .

The coordinated controller then, chooses the best action
based on a quantized value of A\. The quantization alphabet
corresponds to the values of A for which an optimal station-
ary policy was computed.

We compare the coordinated and the uncoordinated con-
troller performance in two different simulations. In both
simulations we consider a time varying expected task arrival
rate A(1), 7 =0,..., k7. Values of X\ belong to the interval
[0, ftmac), Where fimaq is the data center largest expected
task execution rate. In the first simulation we choose a par-
ticular time varying function for the task arrival rate . In
the second simulation instead, we assume that the value of
A(T) at time 7 is the realization of a stochastic process A.

In the rest of this section we will refer to A = as

Hmax

the normalized expected task arrival rate. Similarly A will
denote the stochastic process from which X takes values.

Simulation one. Figure 5 shows the values assumed by
X and its quantized version over the time.

Data center overall power consumptions, when using the
coordinated and the uncoordinated controller, are shown in
Fig. 6. Power consumption of the uncoordinated controller
is higher than one provided by the coordinated controller.
In particular the difference in the power consumption pro-
files, is maximized during the low usage periods. This is due
to the thermal coupling between computational and thermal
networks. During low usage periods, the data center power
consumption is dominated by the CRAC node power con-

—— Coordinated —— Coordinated
3 3
~~~-Uncoordinated ----Uncoordinated

2 e 2

05 1 15 2 25 3 35 4 05 1 15 2 25 3 35 4
Time [s] N Time [s] N

(a) Computational server 1.  (b) Computational server 2.

Figure 9: Server power states.
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Figure 10: Probability density function of A for dif-
ferent values of 7.

sumption and, as shown in Fig. 8, coordinated controller
maintains a smaller input-output temperature difference for
the CRAC node, if compared to the uncoordinated one. Fig-
ure 7 shows the input temperature of thermal server 1 and
2, dashed line represents the maximum allowed input tem-
perature value. Server power states are shown in Fig. 9.
Simulation 2. In this simulation A is a stochastic pro-
cess composed of independent identically distributed ran-
dom variables having probability density function (pdf):

n—0.5 by . —
k(n)en@m" if X €0,1)
0 otherwise

faxin) = { )

where k(n) is an appropriate coefficient so that fol fa(z;n)de =
1 for a given n € (0,1). Figure 10 shows the values of
fa(\;n) for different values of 7. When 7 tends to 0.5
Ffa(\;n) converges to a uniform distribution and we set
fa(X;0.5) =1 for X € [0,1) and 0 otherwise. When 1 < 0.5
the expected value of A is lower than 0.5 and hence, the
data center is mostly in a low usage state. When n > 0.5
the expected value of A is higher than 0.5 and hence, the
data center is mostly in a high usage state.

In this simulation we study how the expected sojourn time
and the expected overall power consumption vary with re-
spect to the parameter  when values of A(7) are generated
from the pdf. in (9). Figure 11 shows that both controllers
are able to satisfy the performance constraints for all the
admissible values of 7. Expected overall data center power
consumption is reported in Fig. 12. The coordinated con-
troller outperforms the uncoordinated one for all values of 7.
The peak power reduction of 13% is obtained for n = 0.04.

6. DISCUSSION

This paper presents a coordinated unified thermal-compu-
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Figure 11: Expected sojourn time of coordinated
and uncoordinated controllers.
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Figure 12: Expected data center power consumption
when using the coordinated and the uncoordinated
controller.

tational approach to the modeling and control of data cen-
ter energy consumption. The proposed model is based on a
holistic approach that explicitly represents the relationship
between the computational and thermal aspects of a data
center. Simulation results from a simple example show that
the coordinated controller outperforms the uncoordinated
controller in most cases and it is never worse than the un-
coordinated one. The development of a unified model able
to describe both the computational aspects and the ther-
mal aspects of a data center, is then the key toward a real
minimization of the data center overall power consumption.

Current control approach suffers from some issues, first
of all the ability to synthetize optimal controllers only for a
single and fixed value of \. We are currently developing a
different hierarchical control approach based on model pre-
dictive control (MPC). Also our model is composed of mul-
tiple parameters that have to be estimated for every specific
data center (e.g., v;,; coefficients); this requires the develop-
ment of effective techniques to estimate in real time a large
set of parameters.

We are also considering different performance metrics. For
example it could be worthwhile to diversify the ratio between
task expected sojourn time and overall power consumption,
based on the current cost of electricity. We are also studying
the usage of service level agreements to minimize complex
index that accounts for different user and data center man-
ager requirements.
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